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Summary

Today, the pharmaceutical industry faces a various number of challenges including high
competition with generic market upon patent expiration, pricing pressures, higher costs of
R&D for a new drug and growing demand towards greener products and processes. The cost
of bringing a drug into the market has increased by more than a half over the last 10 years,
while R&D returns have steadily declined since then. However, the cost of pharmaceutical
development and manufacturing is important to ensure affordable access to medicine. In
the view of these challenges and also initiatives from the drug regulatory mechanisms, the
pharmaceutical industry has been prompted to seek new strategies and adopt new technologies
to replace the traditional energy and resource intensive routines without compromising the
production quality. The aim of this project was to develop tools and methodologies to
support and speed up in silico design and optimization efforts with a special focus on the
crystallization process, which is a key separation and purification unit in the production
process of high-purity pharmaceuticals and fine chemicals.

A mechanistic model library for multi-scale crystallization processes and experimental
validation strategies were developed. The multi-scale models consisted of the compartmental
models for the batch cooling and antisolvent crystallization processes at 218 L pilot scale.
They were used to describe the dynamic changes in the crystal population (e.g. nucleation
and growth) in combination with mass and energy balances as well as mixing information
(momentum balance) for the suspension system. Crystallization of two well-known pharma-
ceutical compounds were utilized as the case studies. A steady-state compartmental model
was developed for the batch cooling crystallization of acetaminophen (paracetamol), while
a novel dynamic compartmental model to account for volume changes upon antisolvent
filling was developed for the antisolvent crystallization of acetylsalicylic acid (aspirin). The
prediction ability of the cooling crystallization model was tested against independent pilot
scale experiments performed at 50 L scale for the model compound of paracetamol. A good
agreement between experimental measurements and the simulation results was obtained in
the absence of mixing failures such as particle settlement.

Global uncertainty and sensitivity analysis were applied to gain deeper process under-
standings and consequently to determine the strategies for the optimization of the process.
The kinetic parameters and the operation parameters were considered as the sources of
uncertainties or variations in the process. Their influence on the process output variance
was quantified by uncertainty analysis. As an outcome, huge uncertainties on the process



yield and final mean crystal size were obtained. Following the uncertainty analysis, the key
parameters that have the highest influence on the process output (yield and final mean crystal
size) variance were identified by performing sensitivity analysis. The results emphasized
that the process yield has the highest sensitivity to cooling/antisolvent feed time, while the
final mean crystal size has the highest sensitivity to the mean of seed crystal size distribution
under the studied conditions. The process risks were defined as failure to reach the target
process specifications and its economic and environmental consequences for the given design
space were quantified. Identification of the parameters having the highest influence provided
a clear insight, on which parameters the optimization efforts should be focused on in order
to reduce process output variance and mitigate associated risks.

Process analytical technology (PAT) tools offer valuable insight into the dynamics of
the crystallization process, which are accessible online and in situ. Integration of PAT tools
with advanced control strategies provides great opportunities to reliably control the process
dynamics, take fast actions in the presence of process disturbances, avoid deviations from
product specifications and therefore reduce the batch-to-batch variations. With this purpose in
mind, a data-driven control strategy was developed and applied experimentally on the batch
cooling crystallization of ibuprofen. In this strategy, a radial basis functions (RBF) network
model was trained in real time with experimental data obtained via PAT tools and a reference
batch data. The aim was to optimize the cooling profile with the aid of trained RBF in order
to achieve the desired crystal population profile throughout the process. Comprehensive
experiments, in which several process disturbances (initial supersaturation, impeller speed,
water composition and seed size) existed, were performed to test the robustness of the
proposed control strategy. As a consequence, the data-driven control strategy could easily
handle all disturbance scenarios in a way that the crystal population profile followed the
desired reference successfully with less than 10 % offset in the most cases.

The outcome of this project is an in silico tool that contains model-based and data-
driven engineering approaches and tools with the purpose of aiding the robust and efficient
process developments. The tool is expected to provide a rapid and cost efficient platform for
generating, testing and evaluating different process design, optimization and control strategies
for the crystallization process with a potential use in the pharmaceutical manufacturing.



Dansk resume

Medicinalindustrien står i dag over for en række udfordringer, herunder høj konkurrence
med det generiske marked ved patentudløb, prispres, højere omkostninger til forskning
og udvikling af nye lægemidler og voksende efterspørgsel efter grønnere produkter og
processer. Omkostningerne ved at bringe et lægemiddel på markedet er steget med mere
end en halv gang i de sidste 10 år, mens afkast fra forskning og udvikling er støt faldet
siden da. Omkostningerne ved lægemiddeludvikling og -fremstilling er dog vigtige for
at sikre overkommelig adgang til medicin. I betragtning af disse udfordringer og ud fra
initiativer fra lægemiddelreguleringsmekanismerne, er lægemiddelindustrien blevet bedt om
at søge nye strategier og adoptere nye teknologier som erstatning for traditionelle energi- og
ressourceintensive rutiner uden at gå på kompromis med produktionskvaliteten. Formålet
med dette projekt var at udvikle værktøjer og metoder til at understøtte og fremskynde in
silico design og optimering, med et specielt fokus på krystallisationsprocessen, som er en
nøgleseparations- og oprensningsenhed i produktionsprocessen af farmaceutiske produkter
med høj renhed og finkemikalier.

Et mekanistisk modelbibliotek til multi-skala krystallisationsprocesser og eksperimentelle
valideringsstrategier er blevet udviklet. Flerskalamodellerne bestod af kompartmentmodeller
til batchnedkøling og antisolvent krystallisationsprocesser i 218 L pilotskala. De blev
brugt til at beskrive de dynamiske ændringer i krystalpopulationen (f.eks. nukleering
og vækst) i kombination med masse- og energibalancer såvel som blandingsinformation
(momentum balance) for suspensionssystemet. Krystallisation af to velkendte farmaceutiske
forbindelser blev anvendt som casestudier. En steady-state kompartmentmodel blev udviklet
til batch-afkølingskrystallisation af acetaminophen (paracetamol), mens en ny dynamisk
rumkomponentmodel blev udviklet til at tage højde for volumenændringer ved antisolvent
fyldning til antisolvent krystallisation af acetylsalicylsyre (aspirin). Forudsigelsesevnen for
afkølingskrystallisationsmodellen blev testet mod uafhængige pilotskalaeksperimenter udført
i 50 L skala for model komponenten paracetamol. Der blev opnået en god overensstem-
melse mellem eksperimentelle målinger og simuleringsresultater i fravær af blandingsfejl
såsom partikelaflejring.

Global usikkerhed og sensitivitetsanalyse blev anvendt for at få en dybere procesforståelse
og derefter brugt til at bestemme procesoptimerings strategier. De kinetiske parametre og
driftsparametre blev betragtet som kilderne til usikkerheder eller variationer i processen.
Deres indflydelse på procesoutputvariansen blev kvantificeret ved usikkerhedsanalyse. Som



resultat opnåedes der store usikkerheder omkring procesudbyttet og den endelige gennem-
snitlige krystalstørrelse. Efter usikkerhedsanalysen blev de nøgleparametre, der har størst
indflydelse på procesoutput (udbytte og endelig gennemsnit af krystalstørrelse), identificeret
ved at udføre sensitivitetsanalyse. Resultaterne understregede, at procesudbyttet har den
højeste sensitivitet over for afkølingstid/antisolvent fødetid, mens den endelige gennem-
snitlige krystalstørrelse har den største sensitivitet for middel-størrelsen af podningsmaterialet
under de undersøgte betingelser. Proces risici blev defineret som manglende opnåelse af
målprocesspecifikationerne, og deres økonomiske og miljømæssige konsekvenser for det
givne designråderum blev kvantificeret. Identifikation af de parametre, der har den største
indflydelse, gav en klar indsigt, på hvilke parametre optimeringsindsatsen skulle fokuseres
på for at reducere procesoutputvarians og afbøde de tilknyttede risici.

Procesanalytisk teknologi (PAT) værktøjer giver en værdifuld indsigt i dynamikken
i krystallisationsprocessen, som er tilgængelige online og in situ. Integration af PAT-
værktøjer med avancerede kontrolstrategier giver store muligheder for pålideligt at kontrollere
procesdynamikken, tage hurtige handlinger ved tilstedeværelse af procesforstyrrelser, undgå
afvigelser fra produktspecifikationer og dermed også at reducere batch-til-batch-variationer.
Med dette formål for øje blev en datadrevet kontrolstrategi udviklet og anvendt eksperimentelt
på batchkølingskrystallisation af ibuprofen. I denne strategi blev en netværksmodel af
radial basisfunktioner (RBF) trænet i realtid med eksperimentelle data, opnået via PAT-
værktøjer og data fra et referencebatch. Målet var at optimere køleprofilen ved hjælp
af et trænet RBF netværk for at opnå den ønskede krystalbestandsprofil gennem hele
processen. Omfattende eksperimenter, hvor der var flere procesforstyrrelser (indledende
overmætning, omrøringshastighed, vandkomposition og podnings-størrelse), blev udført for at
teste robustheden i den foreslåede kontrolstrategi. Som en konsekvens kunne den datadrevne
kontrolstrategi let håndtere alle forstyrrelsesscenarier på en måde, så krystalbestandsprofilen
fulgte den ønskede reference med succes med en forskydning på mindre end 10 % i
de fleste tilfælde.

Resultatet af dette projekt er et in-silico værktøj, der indeholder modelbaserede og
datadrevne tekniske tilgange og værktøjer med det formål at afhjælpe i den robuste og
effektive procesudvikling. Værktøjet forventes at tilvejebringe en hurtig og omkostningsef-
fektiv platform til generering, test og evaluering af forskellige procesdesign, optimering
og kontrolstrategier for krystallisationsprocessen med en potentiel anvendelse i den far-
maceutiske fremstilling.
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1.1 Scope

The aim of this project was to develop a tool that will be used to support in silico

design and optimization of pharmaceutical crystallization processes. This was realized in

two folds: (i) mechanistic modeling (model library) and their experimental validation (ii)

data-driven modeling and control strategies and their experimental validation. Firstly, a

mechanistic model library for the multi-scale crystallization processes were developed. A

cooling crystallization of acetaminophen (paracetamol) and an antisolvent crystallization of

acetylsalicylic acid (aspirin) were employed as two case studies. The developed large scale

crystallization models were based on the principles of the compartmental modeling approach.

In this approach, the population, mass and energy balance models were incorporated with

the mixing information obtained from computational fluid dynamics (CFD) simulations into

a compartmental model. Uncertainties arising from the data quality in model parameter

estimation and variations in the process operation, and their effect on the process simulation

output were addressed by means of Monte Carlo simulations. Global sensitivity analysis was

performed to identify the key process determinants to aid optimization and reduce the uncer-

tainties on the process output. Thereafter, the risk of not achieving the specified product target

associated with the uncertainties were quantified. Lastly, a data driven control strategy was

developed and tested comprehensively through laboratory experiments. The overall outcome

of this project is a support tool for performing rapid and reliable design and optimization of

crystallization processes to be potentially used in pharmaceutical manufacturing.

1.2 Structure of the Thesis

The thesis consists of two parts. Part I provides the highlights of the research outcomes.

It starts with a literature review of the advancements in the field. In the following chapters,

the methodologies are briefly described; thereafter the main research outcomes are presented.

Part II provides the details of the methodologies and results in the form of published articles,

peer-reviewed conference proceedings and submitted manuscripts.
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PART I

Chapter 2: Literature Review

A literature review on the advancements in the field is presented. The topics of scale-up

strategies and modeling; uncertainty and sensitivity analysis; process risk assessment and

data driven control strategies are addressed.

Chapter 3: Multi-Scale Modeling of Pharmaceutical Crystallization Processes

Development of multi-scale mechanistic models of pharmaceutical crystallization pro-

cesses are presented. Firstly, well-mixed batch cooling and antisolvent crystallization

process models are introduced. Afterwards, liquid mixing behaviour in a pilot scale

crystallizer is identified via computational fluid dynamics simulations. The results of the

computational fluid dynamics simulations are used to extract a compartmental map of the

mixing characteristics in the specified vessel. Finally, a steady-state compartmental model

for batch cooling crystallization process and a novel dynamic compartmental model for

antisolvent crystallization process are developed and the simulation results are presented.
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Chapter 4: Independent Validation of a Pilot Scale Crystallization Process

An independent validation study of the developed batch cooling crystallization process

model is presented. As a case study, a model pharmaceutical compound system, namely

paracetamol crystallization from ethanol solvent is used. The predictive capability of the

model is challenged at 50 L pilot scale.

Chapter 5: Sensitivity Analysis and Process Risk Assessment

This chapter demonstrates how the developed models can be used to enhance the

process understanding and aid efficient process development and optimization studies

via two case studies. For this purpose, process systems engineering methods and tools

such as uncertainty and sensitivity analysis, and process risk assessment, are employed.

Firstly, uncertainties in the kinetic model parameters and variation in the operation design

parameters are identified. Effects of these uncertainties on the process outcome uncertainty

are investigated by uncertainty analysis. This is followed by sensitivity analysis in order to

identify the most important/influential parameter on the process output uncertainty. Finally,

the risks of failing a pre-define process and product target are quantified.

Chapter 6: Comprehensive Evaluation of a Data Driven Control Strategy

A data driven control strategy is presented. Experimental application of the developed

control strategy on a model pharmaceutical compound system (cooling crystallization ibupro-

fen from ethanol) is comprehensively demonstrated in the presence of several disturbances

in the system. Developed data driven control strategy is based on a radial basis functions

network model trained in real time with experimental data obtained via process analytical

technology tools during the crystallization operation.

Chapter 7: Conclusions and Future Perspectives

In this chapter, the overall conclusions of this thesis is given and future perspectives are ad-

dressed.
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(B) Peer-reviewed conference proceeding:
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2.1 Scale-up Approaches and Modeling

Conventionally, pharmaceutical crystallization process development and optimization

studies start at a bench scale or pilot scale. A product with similar properties is desired and

should be guaranteed as the scale increases to the production scale. However, the scale-up

task is strongly under the influence of mixing. In that sense, it is important to understand

how the mixing parameters affect the crystallization process in order to achieve a successful

transitions between scales and to avoid dramatic impacts on the crystal size distribution,

purity, morphology and polymorphic form of the product [1, 2].

In a perfect scale-up scenario, the distribution of the supersaturation would be homo-

geneous in every region of a vessel. The suspension density and the mixing time would

be identical. The shear forces distributed by the agitator to the suspension and Reynolds

numbers of the fluids would be the same. The contact frequency and energy between the

crystals as well as between the crystals and the agitator would be equal. However, these

requirements are often conflicting, and making it impossible to maintain entire similarity

upon scale-up [1]. The main determinant of these criteria is the mixing taking place in

particularly three levels; micro-mixing, meso-mixing and macro-mixing.

Micro-mixing or turbulent mixing at the molecular level takes place locally in a small

volume. It contains the deformation of fluid elements into vortices (fluid volume decreases)

and molecular diffusion thereafter. The contact between the materials occurs because of the

molecular diffusion on the micrometer scale resulting in the events such as chemical reactions

or crystal nucleation. Meso-mixing is attributed to the turbulent dispersion of an input feed by

mixing with the bulk fluid e.g. antisolvent feed. The design of the input feed strongly affects

the level of local supersaturation and consequently the nucleation rates. Macro-mixing is

attributed to the overall mixing performance in a large scale vessel containing the movement

and blending of the bulk fluid. It determines how the fluid lumps are distributed over the bulk

liquid volume in the vessel. Local differences in temperature, concentration, supersaturation

and suspension density are minimized by the aid of macro-mixing [1, 3, 4].

A successful scale-up and operation require the identification of the most critical mixing

parameters and the aspects (governing mechanisms) of the process. The scale-up strategy

should be carefully determined in a way that those parameters will be satisfactory [5, 6]. A

useful approach to assess whether the crystallization scale-up is sensitive to mixing or not is

the use of Damköhler number, Da that is shown in Eq. 2.1 for different crystallization kinetic

mechanisms. Low Da number (e.g. Da < 0.1) suggests that the crystallization mechanism is
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insensitive or has very low sensitivity to the mixing. On the contrary, a high Da number (e.g.

Da > 10) indicates higher sensitivity upon mixing [5, 7]. Several scale-up approaches have

been developed and used in order to maintain some mixing similarities between different

scales. The most common approaches are listed in Table 2.1. However, these conventional

scale-up criteria have been developed on the basis of only one limiting mixing process (micro-

mixing, meso-mixing, macro-mixing). That is the major shortcoming of the conventional

Table 2.1: Mixing scale-up calculations for crystallization processes [1, 6–10].

Scale-up Criteria Equation∗ Description

Geometric similarity Vessel and stirrer have the same shape and relative dimensions.

Scale ratio [−] s = D1
D2

=
TVessel,1
TVessel,2

= ... Ratio of geometric dimen-

sions between two scales

Kinematic similarity Relative velocities are maintained.

Impeller tip speed [m/s] vT = πDNImp Speed at the tip

Just suspension speed [rps] N js = SZ

(
µ

ρl

)0.1(
gρc−ρl

ρl

)0.45
X0.13d0.2

p D−0.85 Minimum impeller speed to

suspend the crystals com-

pletely

Specific flow [1/s] Q
V = FlND3

V Flow discharged by the im-

peller normalized by the

fluid volume

Dimensionless parameter [–] NImpVv
Fa

or NImpD
Fa/T 2

Vessel
Dimensionless scale-up cri-

teria for antisolvent feed

Dynamic similarity Relative forces are maintained.

Energy dissipation rate [W/m3] or [W/kg] P
V =

PoρlN3
ImpD5

V or P
m =

PoρlN3
ImpD5

m Power dissipation normal-

ized by the fluid volume

(N jsD0.85 =Constant)

Reynolds number [–] Re = ρNImpD2

µ
Ratio of the inertial forces

to viscous forces

Mixing time [s] θturb. = c1
T 1.5

VesselH
0.5

P1/3
o NImpD2

, θtrans. = c2
T 1.5

VesselH
0.5

P2/3
o ReNImpD2

Required time to achieve

95 % homogeneity

Primary circulation time [s] τC = V
QP

Mean time for the liquid el-

ement to perform full loop

around the crystallizer
∗D is the diameter [m], TVessel is the vessel diameter [m], NImp is the impeller speed [rps], SZ is Zwietering constant [–],

µ is the viscosity [kg/ms], ρl is the liquid density [kg/m3], ρc is the solid density [kg/m3], g is the gravitational constant

[m/s2], X is the mass ratio of suspended solids to liquid [%], dp is the crystal diameter [m], Fl is the flow number defined

as the characteristic impeller discharge flow rate [–], Vv is the vessel volume [m3], Fa is the antisolvent feeding rate

[m3/s], P is the power dissipated by the impeller [W], V is the volume of the suspension [m3], Po is the characteristic

impeller drag coefficient called power number [–], m is the mass of the suspension [kg], c1 and c2 are the empirical

constants [–], H is the suspension filling in the vessel [m], QP is the pumping capacity [m3/s] where QP∝ NImpD3.
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approaches and often the main reason of the failure upon scale-up [3].

DaNucleation =
tMixing

tInduction
and DaGrowth =

tMixing

tCrystalgrowth
(2.1)

Kinematic similarity such as impeller tip speed or specific flow can potentially affect

the secondary nucleation associated with crystal breakage, or attrition, through the crys-

tal–impeller and crystal–wall interactions. Growth dispersion of the crystals can occur due

to insufficient suspensions of the solids (just suspension speed) leading to stratification

of the crystals. Dynamic similarity such as energy dissipation rate can also influence the

growth rate of the crystals by means of changing the thickness of the diffuse boundary

layer. Therefore, the mass transfer rate of bulk solute onto the crystal surface is altered and

changes in the crystal habit or aspect ratios occur. Besides, insufficient energy dissipation for

maintaining the crystal growth rate can lead to different or increasing levels of supersaturation.

Consequently, secondary nucleation can be promoted. Some crystallization systems might

require more attention on the mixing times or degree of solution homogeneity such as

at the feed point of an antisolvent, where the drastic differences in the solubility and

supersaturation are present [1, 3, 7].

In the literature, different strategies were employed for scaling-up the crystallization

processes. CFD simulations were often used to gain insight into mixing behaviour in the

large scale crystallizers. For the batch stirred crystallizers, constant just suspension speed

[11], constant impeller tip speed [11], constant impeller speed [12, 13] were employed as the

scale-up criteria. On the other hand, for the antisolvent crystallization processes, constant

impeller tip speed [14–16] and a dimensionless parameter (shown in Table 2.1) [9] were

relied on as the scale-up strategy. Among the scale-up criteria listed in Table 2.1, maintaining

energy dissipation rate in terms of power input per volume or power input per mass was the

most applied strategy for cooling, antisolvent and evaporative crystallization processes [12,

14, 17–20]. The details of the studied systems and scales are described in Table 2.2.
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Table 2.2: Literature review of crystallization scale-up studies (only scale-up above 1 L is considered).

Scale-up Method

Scale-up Strategy From To Performance Criteria Exp. Sim.

Schmidt et al., 2004 [11]

A seeded batch cooling crystallization of an organic active pharmaceutical ingredient (API) was scaled up. Based

on strategy of geometric similarity and constant Zwietering correlation for just-suspension-speed, well-agreement on

the average crystal size was obtained. Keeping impeller tip speed constant resulted in larger average crystal size due

decrease in the average shear rate.

Just suspension speed 2 L 50 L Average crystal size Yes CFD

30 % above just suspension speed 2 L 250 L Average crystal size Yes CFD

Impeller tip speed 250 L 630 L Average crystal size Yes CFD

Kougoulos, 2005, 2006 [12, 13]

Keeping the impeller speed constant between the scales showed vastly different solid concentration profile (uniform

suspension in 25 L and complete suspension with clear solvent region on the top in 5 L) due to the increase in the specific

power input per unit mass, tip speed and Reynolds number. Upon scale-up based on the application of constant power

input per unit mass reduced heat transfer coefficient due to reduced local energy dissipation (Seeded batch cooling of an

organic API).

Impeller speed - 5 L, 25 L Degree of suspension No CFD

Power input per unit mass 1 L 5 L, 25 L Energy dissp., temp. and solid conc. No CFD

Woo et al., 2006 [14]

Antisolvent crystallization of paracetamol from acetone-water system was scaled-up in silico. Keeping power input per

volume constant between the scales gave better match of crystal size distribution (CSD) with the small scale. However,

no significant change in CSD was observed in both scale-up strategies. More differences were expected in the presence

of dominating secondary nucleation, aggregation and breakage mechanisms.

Impeller tip speed 1 L 125 L Crystal size distribution No CFD

Power input per volume 1 L 125 L Crystal size distribution No CFD

Liu et al., 2006 [9]

Antisolvent crystallization of glycine from water-ethanol system was scaled-up in silico by optimizing the design of

experiments (DoE). The volume of the crystallizer V , the agitation rate NImp and the dimensionless parameter NImpV/Fa,

where Fa is the antisolvent volumetric feeding rate were the factors in DoE. The correlation of the dimensionless

parameter showed a statistical significance > 99 % with respect to mixing performance.

Dimensionless parameter 21 L 482 L, 1045 L Antisolvent mixing performance No CFD

Synowiec et al., 2012 [17]

The circulation of ammonium sulphate suspension in a draft tube magma crystallizer was modeled via CFD and

scaled-up based on two criteria, while maintaining the geometric similarity. CFD predictions showed that both scale-up

criteria failed (clear layer of liquid formed at the top), when the scale increased more than 125-fold. Keeping turbulent

dissipation rate (power input per volume) constant upon scale-up gave slightly better hydrodynamic conditions compared

to constant Impeller tip speed.

Power input per volume 11 L 88 L, 1400 L, 11000L Bed porosity No CFD

Impeller tip speed 11 L 88 L, 1400 L, 11000L Bed porosity No CFD
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Table 2.2 (Continue): Literature review of crystallization scale-up studies (only scale-up above 1 L
is considered).

Scale-up Method

Scale-up Strategy From To Performance Criteria Exp. Sim.

Billot et al., 2012 [21]

A cocrystallization process was developed to purify an API, which was difficult with the classical purification techniques.

The lab scale process was successfully scaled-up to the pilot scale with improved purity.

No specified 350 mL 10 kg Yield, purity Yes No

Tung, 2013 [18]

Single phase CFD simulations were performed to compare local mixing intensity between two scales. The local mixing

intensity and micromixing time were more uniform in the small scale. Besides, the effect of liquid filling volume on mixing

intensity was studied in large scale. Mixing intensity was more uniform in one-third full vessel compared to full vessel.

Power input per volume 250 mL 2000 L Local mixing intensity No CFD

Yu et al., 2014 [19]

One scale-up experiment was performed for the batch cooling co-crystallization of caffeine-glutaric acid. The aim was to

verify a design space determination methodology that detects supersaturation threshold for the formation of metastable

form.

Power input per volume 1 L 10 L Polymorphic purity Yes No

Janbon et al., 2019 [20]

The effect of scale and equipment on the formation of agglomerates of an API salt produced via a reactive crystallization

was investigated. Experimental results showed a clear difference in CSD and crystal shape from the same process in

different reactor configurations. The modeling tools such as CFD and DynoChem (without coupling of crystallization

kinetics) aided to understand the differences between batches and impossibility of replicating the production results in

laboratory scale.

Not specified - 330 L, 2000 L Crystal size distribution Yes CFD and DynoChem

Power per unit volume 2000 L 7 L (Scale-down) Crystal size distribution Yes CFD and DynoChem

Rosenbaum et al., 2019 [22]

The kinetic parameters of a combined cooling and antisolvent crystallization of an API were estimated via the population

balance model of gPROMS using the lab-scale experimental data. Developed model was used to predict CSD in pilot

scale batches running in different reactors equipped with different agitator types. Model predictions showed good

agreement with the measured data.

Not specified ∼ 10 g 25 - 35 kg Crystal size distribution Yes gPROMS

Ostergaard et al., 2020 [15, 16]

Two different control strategies (supersaturation control and direct nucleation control) were employed during the

antisolvent crystallization of indomethacin from a ternary solvent and antisolvent system. The operation profile (flow

rate profile) for antisolvent/solvent addition obtained from the control experiments were challenged at 5 L scale. The

flow rates were increased by 10-fold, while the feeding stream was split in the 5 L scale process in order to maintain the

local concentration conditions upon scale-up. The good agreement between the process outcome were obtained.

Constant impeller speed 0.5 L 5 L Total chord counts, Yes No

(Feed stream split) CSD volume density
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CFD is an advanced modeling tool that enables accurate and detailed prediction of

the fluid dynamics and related properties in a finite volume, which is a computational

mesh of the studied specific geometry. However, the complexity of the equations such as

momentum balances and the continuity equations solved for each finite volume element

of the discretized geometry can significantly raise the computational burden. This is a

consequence of employing high mesh densities, approximately in the order of 106. To this

respect, CFD is usually not recommended choice if the purpose of the modeling tool is to

assist process design, development, optimization, online monitoring and control that requires

quick simulation results [23, 24]. On the contrary, compartmental modeling is an alternative

and reduced model approach that can speed up the calculations in the expense of a lower

degree of accuracy. In compartmental modeling, coarser meshes of CFD cells are created and

coupled with complex reaction kinetics. Therefore, the compartmental models can facilitate

the prediction of fluid dynamics in combination with the effected process kinetics or outcome

in a simple and cost efficient simulation environment [25–27].

In the literature, the compartmental zones were often identified referring the information

obtained from CFD simulations. Flow pattern, characteristic supersaturation depletion time,

spatial variations of crystal size distribution (CSD), phase mixing, energy dissipation and

heat transfer were applied as the main criterion for the determination of the compartments in

the large scale crystallizer geometries. The compartmental models for the crystallization of

mainly inorganic salts in 22 L – 18500 L evaporative crystallizers [28–32], in 10 L mixed-

suspension mixed-product removal (MSMPR) crystallizer [33], in 2 L and 10000 L stirred

batch crystallizers [34, 35] and in 2.5 L wall-cooled tube crystallizer [36, 37] were developed

and simulated. Only one study focused on the crystallization of an organic pharmaceutical

compound in 5 L and 25 L stirred batch crystallizers and the compartmentalization of these

crystallizer vessels were demonstrated [13, 38]. However, the simulation result of only

one compartment (well-mixed) was presented. The details of the studied systems and the

compartmentalization approaches can be found in Table 2.3.
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Table 2.3: Literature review of compartmental models for large scale crystallizers (only scale above 1
L is considered).

Crystallizer Compartmentalization Comp.

type Scale System criteria number

Bermingham et al., 1998 [28], Kramer et al., 1996, 1999, 2000 [29–31], ten Cate et al., 2000 [32]

A significant positive deviation in median crystal size was obtained in 150 L pilot scale forced circulation crystallizer.

This was attributed to dissolution of fine crystals in the external heat exchanger. The compartmental model developed for

1100 L draft tube baffle crystallizer showed lower steady state value for median crystal size compared to well-mixed

model. On the contrary, no deviation was observed in 18500 L forced circulation due to high circulation flow and also

on 22 L draft tube crystallizer.

Draft tube crystallizer 22 L Ammonium sulfate Flow pattern, characteristic 6

Forced circulation crystallizer 150 L, 200L, 18500 L supersaturation depletion 5, 7

Draft tube baffle crystallizer 970 L, 1100 L time and CFD 4-6, 21

Sha and Palosaari, 2002 [33]

Simulation of crystal size distribution in an imperfectly mixed suspension crystallizer (in the presence of the classification

function) was in agreement with experimental data for product.

MSMPR crystallizer 10 L Potassium sulphate Intuitional 40

Ma et al., 2002 [34]

Spatial variation of CSD along the height of the crystallizer and corresponding solution concentration gradient were

strongly influenced by the number of compartments. Much higher relative supersaturation was observed near the top

compared to the bottom, where bigger crystals tended to accumulate. Consequently, the growth rate of the crystals was

much higher near the top, while secondary nucleation rate was higher at the bottom. Broader CSD was observed as the

number of the compartments increased.

Stirred batch crystallizer 2 L Potassium dihydrogen phosphate Spatial variation of CSD 2 - 64

Kougoulos et al., 2005, 2006 [13, 38]

The framework of a hybrid CFD compartmentalization was proposed. However, CSD predicted from only single

compartment model (well-mixed system) was reported.

Stirred batch crystallizer 5 L, 25 L An organic compound CFD based flow, phase 4, 7, 9

mixing, energy dissipation

and heat transfer

Kulikov et al., 2005, 2006 [36, 37]

The study focused on the scale integration problem. The fluid dynamics based on the fine scale of CFD was coupled with

the population balance in the coarser scale of compartments, so that the information was transferred between scale.

Additionally, the proper selection of the compartments were discussed.

Wall-cooled tube crystallizer 2.5 L Ammonium sulphate CFD 8, 16, 32

Liiri et al., 2010 [35]

The compartmental model simulations showed congruent average suspension densities compared to experimental values

in the upper and lower part of the crystallizer. Experimental CSD was more in agreement with simulated CSD in the

lower part of the crystallizer. On the contrary, simulated CSD in the upper part of the crystallizer had larger fraction of

the small crystals and narrower CSD than the experiments.

Stirred batch crystallizer 100000 L Potassium dihydrogen phosphate CFD based homogeneity 66
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2.2 Sensitivity Analysis and Process Risk Assessment

Crystallization process development often depends on the fractional design and empirical

models in order to establish the correlation between product quality attributes and process

parameters as well as input variables. In the meantime, continuous advancements in

process modeling and optimization, model regression and abundance of online data through

process analytical technology (PAT) tools have triggered a transition to model-assisted

development methodologies [19]. However, crystallization processes (experiments) and

the models describing them are prone to contain different types of uncertainties such as

structural uncertainty, measurement errors, parameters uncertainty and variability in operating

conditions [39]. Therefore, gaining a deeper insight into the model behavior with respect to

these uncertainties is crucial for a reliable, effective and responsible use of these models in

any decision making process [40, 41]. Uncertainty analysis complemented with sensitivity

analysis is a powerful tool to explore the impact of these various sources of model input

uncertainties on the model response and finding key process parameters. In addition, the

risk of failing desired product or process specifications associated with the uncertainties can

be quantified and the targeted actions for mitigating the risk can be taken.

"Despite high number of mechanistic model developments, optimization and control

studies, the pharmaceutical crystallization literature still lacks for a comprehensive study

that applies a global uncertainty and sensitivity analysis on a crystallization process and

demonstrates a straightforward pathway to quantify the process risk of not achieving target

product specifications. A limited number of published studies took the uncertainties into

account during the model development, process design and control of crystallization of the

pharmaceutical compounds. A few studies considered the process risks, but all of them

were limited to only a qualitative assessment. To illustrate, the effects of the uncertainties

in the nucleation and growth kinetic parameters on the optimum operation policies such as

temperature [39, 42] or agitation [43] trajectories as well as on the average crystal size [44]

are studied to aid a robust design and control. Sensitivity of average crystal size with respect

to uncertainties in upstream process (water content), design (cooling time and seed mass)

and model (nucleation and growth) parameters were assessed [44]. A parameter estimability

framework based on the combination of two methods (a sequential orthogonalization and a

variance based) to calculate sensitivity indices were presented in order to assess the reliability

and sufficiency of experimental data during the estimation of the model parameters for a

multi-impurity multi-dimensional population balance model [45]. A qualitative risk map of
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(un)desired polymorphs of an API as a function of solvent composition and crystallization

time were extracted based on automated parallel experimentation (total 80 experiments)

in order to identify a safe crystallization space [46]. The effect of uncertainties in growth

parameters and operation parameters on the supersaturation during a co-crystallization

process was related to the risk by means of calculating the probability of polymorphic purity

[19]." (Paper D) The detailed information about the systems and the parameters studied

in the literature can be found in Table 2.4. Apart from these studies, uncertainties of the

parameters in the crystallization kinetic and solubility expressions were also taken into

account, during assessing and developing robust control approaches [47, 48].

Table 2.4: Literature review of uncertainty analysis (UA), sensitivity analysis (SA) and process risk
assessment (RA).

Crystallizer type System Inputs∗ Outputs∗ Study

Nagy and Braatz, 2007 [42]

An comparison study between different uncertainty analysis (power series approximation, polynomial chaos expansion

and Monte Carlo csimulations based on the nonlinear model) was presented. Output of interest was CSD parameters of

i) the nucleation to seed mass ratio, ii) coefficient of variation and iii) weight mean size of the crystals.

Batch cooling crystallizer Potassium nitrate g, kg, b, kb CSD parameters UA

Abdul Samad et al. 2012, 2013 [49, 50]

Uncertainties in kinetic parameters were propagated to process output of final CSD based on Monte Carlo simulations.

The sensitivity of two different characteristic size points on CSD were studied by means of standardized regression

coefficients and Morris screening methods.

Batch cooling crystallizer Potassium dichromate, kb, b, kg, g, γ , p Two points in final CSD UA & SA

Potassium phosphate

Bolaños-Reynoso et al., 2014 [43]

Sensitivity analysis was performed to identify the most sensitive kinetic parameters (nucleation and growth rate

parameters) with respect to final crystal mean size as output of interest for a pilot scale crystallization process. Optimum

agitation rate trajectories was estimated considering uncertainty of these important input parameters.

Batch vacuum crystallizer Sugar cane kb, pa, g, kg, qa d4,3, mCrystal SA & UA

Yu et al., 2014 [19]

The impact of the model parameter uncertainty and operational variability on the polymorphic purity in terms of a

supersaturation threshold (for a metastable form) was studied. The risk was associated with the probability of exceeding

supersaturation threshold.

Batch cooling crystallizer Caffeine–glutaric acid mSeed , TSeed , C0, kg, g Supersaturation UA & RA
∗g and kg are growth rate parameters; b, kb are secondary nucleation rate parameters; γ and p are the coefficients in a

size-dependent growth rate expression; pa and qa are exponential of agitation rate in secondary nucleation and growth

rate equations, respectively; d4,3 is mean crystal size; mCrystal is crystal mass; mSeed is seed loading; TSeed is seeding

temperature; C0 is initial solute concentration.
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Table 2.4 (Continue): Literature review of uncertainty analysis (UA), sensitivity analysis (SA) and
process risk assessment (RA).

Crystallizer type System Inputs∗ Outputs∗ Study

Vetter et al., 2015 [39]

The influence of uncertainty in kinetic parameters on yield and crystal mean size was investigated for different crystallizer

configuration by means of Monte Carlo simulations. Besides, how to obtain uncertainty-adjusted attainable regions was

demonstrated with the purpose of aiding robust process design (PFC: Plug flow crystallizer).

3-5 cascade MSMPR crystallizers Paracetamol g ,kg, b, kb Yield and d4,3 UA

PFC with antisolvent addition

Fed-batch with antisolvent addition

Selekman et al., 2016 [46]

An automated workflow containing parallel experimentation was designed to interrogate the crystallization design space.

Total 80 experiments were performed to evaluate the risk of forming undesired polymorph qualitatively.

Antisolvent crystallizer (vials) An API xSolvent /xAntisol., t Polymorph RA

Montes et al., 2018 [44]

The sensitivity of different output of interests was studied with respect to process input disturbances and uncertainties.

Monte Carlo simulations based Standardized Regression Coefficients (SRC) method identified crystal growth and water

concentration as the most influential parameters.

Batch cooling crystallizer Ibuprofen mSolvent , xWater, tLinear, rlowspec, x1−3, mAPI UA & SA

kb, kg, mSeed

Fysikopoulos et al., 2019 [45]

An estimability framework, which employed a sequential orthogonalization of the local sensitivity matrix and a variance-

based global sensitivities (Sobol), was proposed. Estimability of total 23 parameters (in nucleation and growth terms) in

a multi-impurity adsorption model was demonstrated. This framework aimed to find optimum subset of parameters that

can be reliably identified with a guaranteed maximum model prediction capability.

Batch cooling crystallizer Potassium phosphate 23 parameters Aspect ratio SA
∗g and kg are growth rate parameters; b, kb are secondary nucleation rate parameters; d4,3 is mean crystal size;

xSolvent /xAntisol. is solvent/antisolvent ratio; t is time; mSolvent is solvent mass; xWater is water concentration; tLinear is

linear cooling time; mSeed is seed loading; rlowspec is the ratio of API below the desired size specification; x1−3 is mean

crystal size on three different points of the CSD; mAPI is total mass of formed crystals.
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2.3 Data Driven Control Strategies

"Crystallization is a key unit in the production process of high-purity pharmaceuticals

and fine chemicals. However, still a major bottleneck in the pharmaceutical manufacturing

remains to be establishing control over this unit operation. Control strategies and actions are

mainly challenged by nonlinear and stochastic dynamics of the crystallization process. In

addition to this, in the absence of any online or inline measurements, the process outcome in

terms of crystal properties is difficult to be related into process inputs under the influence of

such dynamics [51–53]. Fortunately, significant advances in PAT tools enable monitoring

of key solution- and crystal-state properties in real time. This enhances the understanding

of the dynamics of the crystallization process and helps to correlate the relation between

the operating inputs and the critical properties of the crystal product [53–56]. Besides,

information obtained through PAT tools facilitates markedly the application of different

feedback control strategies, so that some degree of control over crystal size, polymorphic

form and morphology is established [57–61]. Despite the substantial progresses, the control

of industrial crystallization processes are assumed to be still an outstanding issue. The

reasoning behind might be related to the restrictive dichotomy of the developed control

strategies that fall mainly into one of two categories; model-based and model-free control

[53]." (Paper E) The detailed explanation of model-based and model-free control strategies

can be found in Paper E.

"A third category that does not fit into the dichotomy of established crystallization

control strategies can be attributed to data-driven (based on process data) control approaches.

Data-driven approaches have proven to be useful especially for complex processes that are

troublesome and costly to develop a knowledge-driven model in a timely manner for the

optimization and control of industrial processes. The artificial neural networks (ANN) is

one the most outstanding data-driving modeling technique. Because the complex non-linear

relationship between input and output of a process can be well-approximated without a

prior knowledge of the process or independent from the physical meaning of the system

[53, 62]. However, in the literature, a very limited number studies have applied data driven

control strategies on a crystallization process. The list of these literature studies can be found

in Table 2.5. ANN was mostly used as a predictive model in a model predictive control

(MPC) strategy. In these studies, ANN was trained offline with data from high number of

batches and embedded in the MPC that decreased the computational time required for solving

the optimization algorithm (or problem) compared to the high fidelity population balance
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models. The objective was a set point tracking such as supersaturation [63–66], volume of

massecuite [66], production rate [67] or solid state related variables [66–68]. Tuning of the

parameters of a proportional–integral–derivative (PID) controller was also facilitated using

ANN [69, 70]. Besides, other data based models such as principal component regression

(PCR) for supersaturation set point tracking [65], a least square regression for achieving

target final crystal mass-count and batch time [53] and a linear time-variant state-space

model with the aim of minimizing the number of fines and controlling the shape of CSD

[71] have been utilized." (Paper E)

Table 2.5: Data-driven control literature review for crystallization process (Reprinted from Paper E).

Type Inputs∗ Outputs∗ Objective∗ Disturbance Testing

Rohani et al., 1999 [67, 72]

An auto-regressive exogenous (ARX) and ANN models were used as process model in a non-linear MPC of continuous

cooling crystallization of potassium chloride. Objective was to track set points of three variables representing CSD, ∆Tf ,

crystal purity, ∆Ts and production rate, Mp (ẇ f is fines dissolution rate, T is crystallizer temperature and ẇcla is the

clear liquor flow rate).

ANN-MPC ẇ f , T , ẇcla, ∆Tf , ∆Ts, Mp Meet ∆TfSet , ∆TsSet , MpSet No Simulation

Georgieva and Azevado, 2006 [63, 64]

A feed forward neural network for a fed-batch sugar crystallization was used to track supersaturation set point by

manipulating feed flow rate in a model predictive control system. Additionally, a second ANN was used in a knowledge-

based hybrid model (KBHM) used for the process simulation.

ANN-MPC FFeed S Meet SSet No Simulation

ANN (in KBHM) Tm, S,Pursol , vCrys BNN , GNN , β NN

Song et al., 2006 [69]

A diagonal neural network (DRNN) was used to auto-adjust its weights to vary PID controller’s parameters depending

on the influence of object’s parameter to the process output performance.

DRNN kP, kI , kD T or HLiq. Meet TSet or HLiq.Set No Simulation

Beyou et al., 2009 [70]

An instantaneous linearization of a neural network was utilized to automatically tune the parameters of the PID controller

implemented to a C sugar cane crystallization process. Aim was to track conductivity set point.

ANN FFeed Conductivity Meet RSet No Simulation
∗ẇ f is fines dissolution rate, T is crystallizer temperature, ẇcla is the clear liquor flow rate, ∆Tf is a variable representing

CSD, ∆Ts is a variable representing crystal purity, Mp is production rate, FFeed is feed flow rate, S is supersaturation, Tm

is temperature of massecuite, PurSol is purity of solution, vCrys is volume fraction of crystals, BNN is nucleation rate,

GNN is growth rate, βNN is agglomeration kernel, kP, kI and kD are PID controller’s parameters, HLiq. is liquid height in

the crystallizer, RSet is conductivity set point [%]
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Table 2.5 (Continue): Data-driven control literature review for crystallization process (Reprinted
from Paper E).

Type Inputs∗ Outputs∗ Objective∗ Dist. Testing

Zhang et al., 2009 [65]

A batch to batch iterative learning control method, which was based on using PCR models updated batch-wise, was

developed to track supersaturation set point during batch crystallization of potash alum in the presence of disturbance

on the overall heat transfer coefficient, U.

PCR Tjin Meet SSet U Simulation

Damour et al., 2010 [68]

A nonlinear model predictive controller was used with an ANN predictor trained with industrial historical data as

internal model with the purpose of tracking the mass of crystals in the solution, mCrystal .

ANN-MPC FFeed mCrystal Meet mCrystal No Simulation

Suárez et al., 2011 [66]

Recurrent Neural Network (RNN) trained with industrial historical data was used as predictive model for four control

RNN-MPC 1 FLiquor VMassecuite Meet VMassecuite No Simulation

RNN-MPC 2 FLiquor Supersaturattion Meet SSet No Simulation

RNN-MPC 3 FSteam Supersaturation Meet SSet No Simulation

RNN-MPC 4 FLiquor vCrys and AM Meet vCrys No Simulation

Griffin et al., 2016 [53]

Multiple experimental data sets from several batch crystallization of the mineral darapskite were used to train a locally

weighted, constrained least-square regression model. Trained model was then used to optimum supersaturation set point

policies in order to achieve a specific target of a mass-count and a batch time.

Least-square regression S NChord and mCrystal Meet mass-count and tBatch No Sim. and exp.

Garg and Mhaskar, 2018 [71]

A linear time-invariant (LTI) state-space model was employed in a linear MPC with the objective of a) minimizing the

volume of fine crystals, VFine and b) controlling shape of product CSD in the batch crystallization of potassium sulphate.

LTI T , C CSD Min. VFines and CSD No Simulation

Montes et al., 2018-2019 [44, 73]

In our previous work RBF driven control is developed and assessed comprehensively in silico in the presence of

disturbances such as kb, kg, seed, solvent, water concentration.

RBF t, T LMean Track LMean profile Yes Simulation
∗Tjin is inlet temperature of the jacket, SSet is supersaturation set point, U is overall heat transfer coefficient, FFeed is

feed flow rate, mCrystal is mass of crystals, FLiquor is liquor feed flow rate, FSteam is steam feed flow rate, VMassecuite is

volume of massecuite, S is supersaturation, vCrys is fraction of crystals, AM is average (in mass) crystal size, NChord is

chord count, tBatch is time batch, T is temperature, C is concentration, VFine is volume of fine crystals, t is time, LMean is

mean crystal size.
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2.4 Problem statement and motivation

In the view of the literature studies, the gaps and challenges were identified as follows:

• The vast majority of the model based scale-up studies relied on CFD simulations

(often lacking full population balance) that restricted the usage of these models in

assisting a quick process analysis, optimization and control purposes. On the other

hand, the compartmental modeling approach, which is a well-known and applied

technique in the other areas of process engineering, was applied on the crystallization

of only inorganic salts. There is only one study that focused on the crystallization of

an organic pharmaceutical compound up to 25 L [12]. However, in this study, only the

results of one compartment (well-mixed) model were presented. Therefore, there is

a lack of work on the application of the compartmental modeling particularly on the

pharmaceutical crystallization processes.

• In addition, there is no known study that addressed the compartmental modeling of

(pharmaceutical) antisolvent crystallization process. The developed compartmental

models in the literature were always based on the assumption of no volume change

(constant compartmental volumes). This assumption does not reflect the reality during

the addition of a second liquid into the solution such as in the antisolvent crystallization

or in the fed batch systems.

• Often in the literature, the studies focusing on the crystallization kinetics model

development, validation and scale-up were carried out by the same research group

and using the same or similar experimental set-up and tools. As expected, an affir-

mative/confirming outcome was obtained. On the other hand, the vast majority of

the other research groups used these models only in silico. Nevertheless, whether

these models continue to be valid independent from research group and experimental

facility is still doubtful. Therefore, "independent" validation studies are required in

order to understand the strengths as well as the pitfalls of these models. Hence, trust

on the model based approaches can be build and the pharmaceutical industries can

be encouraged to invest on as well as change their mindset (or routine) towards the

development and implementation of in silico tools.

• Despite the high number of the model based process development and optimization

studies in the pharmaceutical crystallization domain, the majority of these studies
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neglected the uncertainties and their impact on the process outcome. A very limited

number of studies performed uncertainty and sensitivity analysis, while the process

risk was determined either qualitatively by performing high number of experiments

or by calculating the probability of not achieving a product target. None of these two

studies reported a quantified risk in association with the consequences of not achieving

a product/process target, which is a true definition of the process risk. However, these

statistical tools are essential for a good modeling practice and should be part of the

every study that aims to improve the reliability of the model-based approaches. For

this purpose, a study that focuses on the comprehensive application of uncertainty and

sensitivity analysis and demonstrates a straightforward pathway to quantify the process

risks is needed and can provide guidance for the future studies.

• Finally, almost all the literature studies applied the data-driven control approaches on

the crystallization process in silico, often multiple batches of the experimental data

were utilized in order to train the data-driven model offline and the performance of

the control strategies were not studied in the presence of process disturbances. On the

other hand, when there is a lack of comprehensive process understanding and historical

data or when the process is troublesome and costly to develop a knowledge-driven

model, data-driven models that are simpler, easier to implement and rely on a very

limited data are required for a quick process development and control.

These gaps and challenges motivated this research project and were addressed within

the scope of the project, which was described in the previous chapter. The overall outcome

of this project is an in silico tool that contains model-based and data-driven engineering

approaches and tools, and provides a cost efficient platform for robust, rapid and efficient

process design, optimization and control strategies for the crystallization process with a

potential use in the pharmaceutical manufacturing.
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Nomenclature

Symbol Name Unit
AM Average (in mass) crystal size [µm]

b Nucleation rate exponent [–]

BNN Nucleation rate See ref.

c1, c2 Empirical constants [–]

C Concentration [kg/kg]

C0 Initial solute concentration [kg/kg]

dp Crystal diameter [m]

d4,3 Mean crystal size [µm]

D Impeller diameter [m]

Da Damköhler number [–]

Fa Antisolvent feeding rate [m3/s]

FFeed Feed flow rate [m3/s] or [m3/h]

FLiquor Liquor feed flow rate [m3/s]

FSteam Steam feed flow rate [kg/s]

Fl Flow number [–]

g Gravitational constant or growth rate exponent [m/s2] or [–]

GNN Growth rate See ref.

H Suspension height in the vessel [m]

HLiq. Liquid height in the crystallizer See ref.

kb Nucleation rate constant See ref.

kg Growth rate constant See ref.

kP, kI , kD PID controller’s parameters [–]

LMean Mean crystal size [µm]

m Mass of suspension [kg]

mAPI Total mass of formed crystals [kg]

mCrystal Mass of crystals [kg]

mSeed Initial seed mass (loading) [kg/kgSolvent]
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Symbol Name Unit
mSolvent Mass of solvent [kg]

Mp Production rate [kg/kgH2O]

NChord Chord count [#]

NImp Impeller speed [rps]

N js Just suspension speed [rps]

p Size-dependent growth rate See ref.

pa Agitation rate exponent in secondary nucleation rate See ref.

P Power dissipated by the impeller [W ]

Po Power number of impeller [–]

PurSol Purity of solution See ref.

qa Agitation rate exponent in growth rate See ref.

Q Volumetric flow [m3/s]

QP Pumping capacity [m3/s]

RSet Conductivity set point [%]

Re Reynolds number [–]

s Scale ratio [–]

S Supersaturation [kg/kg]

SZ Zwietering constant [–]

t Time [s]

tBatch Batch time [min]

tLinear Linear cooling time [min]

T Temperature [oC] or [K]

Tjin Inlet temperature of the jacket [K]

Tm Temperature of massecuite See ref.

TSeed Seeding temperature [oC]

TVessel Vessel diameter [m]

∆Tf A variable representing CSD [K]

U Overall heat transfer coefficient [J/Ks]
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Symbol Name Unit
vCrys Volume fraction of crystals [–]

vT Impeller tip speed [m/s]

V Volume of suspension [m3]

VFine Volume of fine crystals [µm3]

VMassecuite Volume of massecuite [m3]

Vv Vessel volume [m3]

ẇcla Clear liquor flow rate [m3/s]

ẇ f Fines dissolution rate [m3/s]

x1−3 Mean crystal size [µm]

xSolvent/xAntisol Solvent/antisolvent ratio [wt./wt.]

xWater Water concentration [kg/kgSolvent]

X Mass ratio of suspended solids to liquid [%]

Greek letters Name Unit
βNN Agglomeration kernel See ref.

γ Size-dependent growth rate See ref.

θ Mixing time [s]

µ Viscosity [kg/ms]

π Pi number [–]

ρl Liquid density [kg/m3]

ρc Crystal density [kg/m3]

τC Primary circulation time [s]
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This chapter focuses on the development of the multi-scale models for the pharmaceutical

crystallization processes. Firstly, the well-mixed batch cooling and antisolvent crystallization

process models were presented. Following, the liquid mixing behaviour in a pilot scale

crystallizer was identified via computational fluid dynamics (CFD) simulations. Based on

the results of the CFD simulations, a compartmental map of the mixing characteristics in

the specific vessel was extracted. Finally, a steady-state compartmental model for batch

31
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cooling crystallization process and a novel dynamic compartmental model for antisolvent

crystallization process were developed, and the simulation results were presented. The

content of this chapter was partially reprinted from Paper A, Paper B and Paper D with

some modifications to improve the readability of the thesis.

Paper A: M. Öner, C. Bach, T. Tajsoleiman, G. S. Molla, M. F. Freitag, S. M. Stocks, J.

Abildskov, U. Krühne and G. Sin (2018). Scale-up modeling of a pharmaceutical crystalliza-

tion process via compartmentalization approach, Computer Aided Chemical Engineering, 44,

181–186.

Paper B: M. Öner, S. M. Stocks, J. Abildskov and G. Sin (2019). Scale-up modeling

of a pharmaceutical antisolvent crystallization via a hybrid method of computational fluid

dynamics and compartmental modeling, Computer Aided Chemical Engineering, 46, 709–

714.

Paper D: M. Öner, S. M. Stocks and G. Sin (2020). Comprehensive sensitivity analysis

and process risk assessment of large scale pharmaceutical crystallization processes, Comput-

ers and Chemical Engineering, 135, 106746.
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3.1 Model Development

A population balance equation (PBE) [74, 75] as shown in Eq. 3.1 was used to model

the crystallization process. The PBEs for both batch cooling and antisolvent crystallization

processes were implemented in MATLAB/Simulink and solved together with mass (for

solute, solvent and antisolvent compounds) and energy balance equations.

∂n(L, t)
∂ t

= Bδ (L0)−G
∂n(L, t)

∂L
− n(L, t)

V
dV
dt

(3.1)

where n(L, t) is the volumetric number density of the crystals [#/m3], t is time [s], B is

the total nucleation rate [#/m3s], G is the growth rate [m/s], V is the volume of the solvent

[m3], L is the characteristic size of the crystals [m], δ is dirac delta function and Bδ (L0)

implies that crystals born only into the first class of L0 characteristic size. The term dV/dt

accounts for the dilution of the system with respect to the change in the solvent volume e.g.

during antisolvent addition. This terms becomes zero for the batch cooling crystallization

process. Eq. 3.1 was derived from a generic PBE based on the assumption of only nucleation

and growth as dominating mechanisms. A dissolution mechanism was also incorporated

into the model (not shown), which can be used in the circumstances of under-saturation.

The method of classes approach [76, 77], which relies on the discretization of the internal

crystal size domain into 400 classes, was used for the numerical solution of the population

balance equation. Time evolution of CSD and solute concentration together with other state

and process variables were obtained from the solution of the model.

3.1.1 Compartmentalization of a pilot scale crystallizer

The mixing behavior in a pilot scale vessel was predicted based on the transient CFD

simulations of the liquid solvent phase performed using ANSYS-CFX release 17.1 software.

Several monitor points were located in the vessel geometry, at which the flow velocities were

monitored during the transient CFD simulations. When the flow velocities at the monitor

points became constant, which denoted the solution was reached, the simulations were

stopped. The developed steady state flow patterns and the velocity profiles of two different

liquid volumes at 40 rpm impeller speed are shown in 3.1. The same mixing simulation was

also performed at 100 rpm impeller speed. The batch cooling crystallizer was operated at a

constant volume of 218 L. On the other hand, in the antisolvent crystallization process, initial

volume of the solvent was 126 L, which was then filled up to 218 L with the antisolvent.
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In Fig. 3.1 it can be seen that, in this specific geometric configuration and volume, the

fluid mixing induced by the impeller formed only one circulation loop in 126 L, while two

circulation loops existed in 218 L. The highest fluid velocity was around the impeller region.

The main objective of the compartmentalization approach was to capture the mixing

characteristics particularly in large scale systems and therefore to facilitate the examination

of the affected process variables and outcomes in a cost-efficient and accurate manner by

means of the compartmental modeling. To this end, the overall fluid flow pattern in the vessel

was mapped as a network of interconnected ideally mixed sub-volumes (compartmental

zones), in which no or negligible gradients exist. In this work, the overall flow pattern

in the large scale vessel obtained from CFD simulations was the base criterion for the

determination of the compartmental volumes, locations and connections. Alternative to this

criterion, temperature distribution, concentration, local energy dissipation or solid distribution

were also used in the literature for the determination of the compartments [13, 26, 78]. In

a CFD-based compartmentalization approach, "the computational cells of the CFD mesh

owning similar velocity characteristics are gathered together to form a coarser mesh, so called

compartments. Spatially averaged values of the parameters within the compartmental volume

are used to represent the sub-volume’s characteristics [26]. The fluid flow has unidirectional

characteristics on each surface of the compartments. The way that the compartments are

generated and modeled allows to save the computational time, while making no/negligible

concessions of the accuracy of the model [79]." (Paper D)

Figure 3.1: Fluid flow pattern in a pilot scale crystallizer having initial (126 L) and final (218 L) liquid
volumes, and compartmentalization of the final liquid volume at 40 rpm impeller speed (Adopted
from Paper D).
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The compartmentalization approach utilized in this work was adopted from [27]. This

approach relies on analyzing the circumferential, axial and radial components of the bulk

flow velocities at various locations in the crystallizer. Afterwards, the compartments are

defined as the sub-volumes with unidirectional flows in all three directions. To illustrate,

the axial flow has the same upwards direction along a vertical height at the bottom section

of the vessel (Fig. 3.1), and after a specific height, the axial flow changes it’s direction

and becomes downwards. The point (or surface), where the direction of the axial fluid

velocity changes, defines the horizontal boarder of two successive compartment-volumes.

This process was repeated for the remaining flow directions and at different locations. Thus

the compartmental volumes were defined. This methodology was applied on the liquid flow

patterns (velocity profiles) obtained from the mixing simulation (CFD simulation) in 218

L vessel and shown on the right side in Fig. 3.1.

During the batch cooling crystallization, total volume of the solvent remained constant.

On the contrary, total volume of the solvent mixture dynamically increased upon antisolvent

addition in the antisolvent crystallization process. Therefore, the steady-state compartmental

model (no volume change) of 218 L volume was used for modeling of the batch cooling

crystallizers, while a novel dynamic compartmental model was required to account for the

changes in the compartmental volumes and in-between fluxes with respect to antisolvent

feeding into the crystallizer (Fig. 3.2). The compartmental volumes, the volumetric flow

rates and the heat exchanger area in-between the compartmentas are given in Table 3.1. In

Figure 3.2: Steady-state compartmentalization (left) for 218 L and dynamic compartmentalization
(right) for filling an initial volume of 126 L up to 218 L (Adopted from Paper A and Paper B with
some modifications).



36 3.1. Model Development

Table 3.1: Volmetric flow rates between compartments and the volume of the compartments (Adopted
from Paper B with some modifications).

Impeller Volumetric Flow Rate [m3/s]

speed Q1→2 Q2→3 Q3→4 Q4→1 Q2→5 Q5→6 Q6→1

40 rpm

t = t0 0.0101 0 0 0 0.0101 0.0101 0.0101

t = t f inal 0.0127 0.0026 0.0026 0.0026 0.0101 0.0101 0.0101

100 rpm

t = t0 0.0326 0 0 0 0.0326 0.0326 0.0326

t = t f inal 0.0400 0.0074 0.0074 0.0074 0.0326 0.0326 0.0326

Volume [m3]

Time Comp1 Comp2 Comp3 Comp4 Comp5 Comp6

t = t0 0.0351 0.0270 0 0 0.0200 0.0440

t = t f inal 0.0560 0.0430 0.0240 0.0310 0.0200 0.0440

Heat Exchanger Area [m2]

A1 A2 A3 A4 A5 A6

0 0.62 0.34 0 0.25 0

the steady-state compartmentalization approach, the volumes of the compartments and the

flow rates between the compartments were constant (at t = t f inal value in Table 3.1) throughout

the batch cooling crystallization, which was opposite to antisolvent crystallization.

The novel dynamic compartmental modeling was realized as follows: "Before the

antisolvent addition started (t = t0), the compartments 5 and 6 were completely full with the

liquid, the compartments 1 and 2 contained some amount of the liquid and the compartments

3 and 4 were completely empty. After the antisolvent addition started, firstly the volume

of the liquid in the compartments 1 and 2 increased up to maximum full compartmental

volume. Once these compartments were filled with the liquid, then the volume of the

compartments 3 and 4 started to increase due to the liquid filling. Besides, during the

filling of the compartments 1 and 2, it was assumed that the volumetric flow rate between

them (Q1→2) remained constant until these compartments were totally full with the liquid.

Afterwards, this stream (Q1→2) started to increase linearly and dynamically until the final

value was reached, while the compartments 3 and 4 were filled (since Q4→5 enters to the

system). The volumetric flow rate between the compartments 3 and 4 (Q3→4) as well as

between the compartments 2 and 3 (Q2→3) were also increased dynamically as filling of
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the top compartments started [80]." (Paper D)

3.1.2 Compartmental modeling

In a compartmental model, a single compartment (sub-volume) has multiple inlet and

outlet streams that exchange flows with the neighbour compartments (Fig. 3.3). Therefore,

Figure 3.3: A single compartmental model.

the population balance equation as well as mass and energy balance equations were treated as

a continuous system containing multiple inlets and outlets in the compartmental model. Both

inlet and outlet streams contained the crystals transported between the compartments. In that

sense, the sink and source terms were added to Eq. 3.1 to account for these streams as

shown in Eq. 3.2.

∂n(L, t)
∂ t

= Bδ (L0)−G
∂n(L, t)

∂L
− n(L, t)

V
dV
dt

+
nin(L, t)Qin−n(L, t)Qout

V
(3.2)

where Q represents the volumetric flow rate of inlet and outlet streams [m3/s]. The

change in solute concentration, C [kg/kg], is formulated as:

dC
dt

=−kvρc

ρl
∑L3 dn(L, t)

dt
+

FinCin−FoutC
V ρl

(3.3)

where kv is the volume shape factor of the crystals [–], ρc is the crystal density [kg/m3],

ρl is the liquid density [kg/m3], F is the inlet and outlet mass flow rates [kg/s]. The liquid

density, ρl is assumed as the solvent density (constant) in the batch cooling crystalliza-

tion. However, the liquid density changes upon the antisolvent addition in the antisolvent



38 3.2. Crystallization Conditions

crystallization and in this case it is calculated as follows [75]:

ρl =
1

CSol/ρSol +(1−CSol)/ρAntisol
(3.4)

where CSol is the solvent concentration [kg/kg solvents]. The change in the bulk

temperature, Tb [oC], and cooling water temperature, Tc [oC] are described as:

ρlVCp,l
dTb

dt
=−UA(Tb−Tc)−∆Hcρckv ∑L3 dn(L, t)

dt
+Cp,l(FinTb,in−FoutTb) (3.5)

ρwVcCp,w
dTc

dt
=UA(Tb−Tc)+Cp,w(Fin,wTc,in−Fout,wTc) (3.6)

where Cp,l is the heat capacity of the solvent [J/kgoC], U is the heat transfer coefficient

[W/m2oC], A is the heat transfer area [m2], ∆Hc is the heat of crystallization [J/kg] and

Cp,w is the heat capacity of the cooling water [J/kgoC].

3.2 Crystallization Conditions

3.2.1 Batch cooling crystallization

A seeded-batch cooling crystallization of a model API, paracetamol (acetaminophen)

from ethanol solvent was demonstrated as a case study. Related solubility and crystallization

kinetic equations, and their parameters were taken from the literature and shown in Table

3.2. After addition of the seeds owning pre-defined specifications (mass of mSeed [%], mean

size of µSeed [µm] and standard deviation of σSeed [–]) into the solution with an initial solute

concentration of C0 [kg/kg] (or initial supersaturation ratio of S0 [–]) and initial temperature

of T0 [oC], the cooling was started. The solution was cooled down to a final temperature

of Tf [oC] in total batch time of tCooling [s]. Different cooling profiles can be applied by

altering nCooling in the following Eq. 3.7:

T = T0 +

(
t

tCooling

)nCooling

· (Tf −T0) (3.7)

It corresponds to a linear cooling profile, a controlled cooling profile or a natural

cooling profile, if nCooling is 1, 3 or 1/3, respectively. In the single model simulation
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of paracetamol crystallization from ethanol, kinetic data from [81] was used and the

crystallization operation condition can be found in Table 3.3. The cooling of the bulk

solution was achieved by the heat transfer through a jacket, in which the cooling liquid

(water) followed a linear cooling profile.

Table 3.2: Literature data on the solubility and kinetics of paracetamol crystallization from ethanol
and parameter values with 95 % confidence interval (Adopted from Paper C and Paper D).

Name / Expression Parameters Source
Solubilitya C1 [kg/kg] C2 [K−1]

CSat =C1 · exp(C2 ·T ) 2.955 ·10−4 2.179 ·10−2 [82]

Nucleationb kn [(#/minm3)nPrim] nPrim [–]

BPrim = kn · (∆c)nPrim (1.597±0.211) ·1010 2.276±0.057 [81]

(8.521±2.328) ·107 1.451±0.041 [83]c

BSec = Kn · (∆c)nSec ·
∫ Lmax

Lmin
n(L) ·L2dL Kn [#/m2s] nSec [–]

(2.656±0.102) ·107 2.232±0.086 [81]

(2.590±0.595) ·108 3.320±0.089 [83]c

Growthb kg [m/s(m3/kmol)g] g [–] Ea [kJ/mol]

G = kg · exp
(
− Ea

R·T
)
· (∆c)g 21.000±n.a. 1.900±n.a. 41.60±n.a. [84]

9.979±0.41 1.602±0.03 40.56±0.04 [81]

16.555±0.83 1.760±0.01 40.40±0.12 [83]c

aStandard deviation of measured solubility data was reported as 5.6 ·10
−4 kg/kg. 95 % confidence interval

of predicted solubility, CSat was calculated as ±0.0006 kg/kg.
bGrowth and nucleation terms were modified in order to obtain G in [m/s], BPrim and BSec in [#/m3s].
cRe-estimation of parameters based on created simulation data was reported.

Table 3.3: Simulation conditions and parameter values for the batch cooling crystallization of
paracetamol from ethanol.

Parameter Unit Value Parameter Unit Value
C0 [kg/kg] 0.285 Cp,l [J/kgoC] 2460
T0 [oC] 40 Cp,w [J/kgoC] 4184
Tf [oC] 20 Fin,w, Fout,w [kg/s] 1.6
tCooling [s] 10800 ∆Hc [J/kg] 1.723·105

nCooling [–] 1 kv [–] 0.866
mSeed [%] 0.5 U [W/m2oC] 182
µSeed [µm] 40 ρc [kg/m] 1332
σSeed [–] 2.5 ρSol [kg/m3] 789
Tc,0 [oC] 40 ρAntisol [kg/m3] 1000
Tc, f [oC] 15
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3.2.2 Antisolvent crystallization

A seeded antisolvent crystallization of a second model API, acetylsalicyclic acid (aspirin)

from ethanol solvent and water as antisolvent was studied as the second case study. The

solubility of acetylsalicyclic acid in ethanol solvent with respect to temperature, T and water

weight fraction, w (or wA) as well as the crystallization kinetic equations and parameters

were taken from the literature [85] and shown in Table 3.4. After addition of the seeds

owning pre-defined specifications (mass of mSeed [%], mean size of µSeed [µm] and standard

deviation of σSeed [–]) into the solution with an initial supersaturation ratio of S0 [kg/kg], the

antisolvent addition was started. The solution was kept at a constant operation temperature

of T0 [oC] during the antisolvent feeding. The antisolvent was continuously fed into the

crystallizer with a volumetric flow rate of QA,Feed until the antisolvent weight fraction reached

to a final value (wA, f ) in a total antisolvent feed time of t f eed [s]. The operation conditions

of the antisolvent crystallization system can be found in Table 3.5.

Table 3.4: Solubility and kinetic model of acetylsalicylic acid crystallization from ethanol solvent
and water antisolvent, and parameter values with 95 % confidence interval (Adopted from Paper D).

Name / Expression Parameters Source
Solubilitya p0,0, p1,0, p0,1, p2,0, p1,1,...,p0,6

CSat(T,w) = p0,0T 0w0 + p1,0T 1w0 + p0,1T 0w1 + p2,0T 2w0 + p1,1T 1w1 + ...+ p0,6T 0w6 [85]

Nucleationb kB1 [m−3s−1] kB2 [J/mol] kB3 [–]

B = kB1 · exp
(
− kB2

R·T

)
· exp

(
− kB3

ln2S

)
(1.15±0.51) ·1021 (7.67±0.11) ·104 0.16±0.01 [85]

Growthb kG1 [m/s] kG2 [J/mol] kG3 [–]

G = kG1 · exp
(
− kG2

R·T

)
· (CSat(S−1))kG3 (3.21±0.18) ·10−4 (2.58±0.14) ·104 1.00±0.001 [85]

aSolubility (CSat) is in [kg/kg] and for the parameter (p0,0...p0,6) values please refer to the literature.
bG is in [m/s], B is in [#/(m3s)].

3.3 Model Simulation Results

3.3.1 Batch cooling crystallization

The simulation performance of the batch cooling crystallization process model is shown

in Fig. 3.4 (at 100 rpm impeller speed). The linear cooling profile in the cooling jacket, Tc

produced a similar linear profile in the bulk solution, Tb (Fig. 3.4c). The offset between

Tc and Tb was due to the heat transfer limitations in the large scale vessel in relation with
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Table 3.5: Simulation conditions and parameter values for the antisolvent crystallization of aspirin
from ethanol solvent and water antisolvent.

Parameter Unit Value Parameter Unit Value
S0 [kg/kg] 1.05 tFeed [s] 4000
T0 [oC] 30 mSeed [%] 2.0
V0 [oC] 126.1 µSeed [µm] 100
Vf [oC] 218.0 σSeed [–] 10
wA,0 [w/w] 0.25 ρc [kg/m3] 1400
wA, f [w/w] 0.60 kv [–] 0.524
QA,Feed [m3/s] 2.3·10−5 ∆Hc [J/kg] 1.665·105

the overall heat transfer coefficient. This cooling profile and corresponding supersaturation

generated (Fig. 3.4d) led the seed crystals (show in Fig. 3.4a) grow up to the mean crystal

size of 107 µm (show in Fig. 3.4e) with the distribution shown in Fig. 3.4b. The tail

obtained in the final CSD indicated the occurrence of the nucleation event upon increasing

supersaturation towards the end of the process. The volumes of the compartments remained

constant in the steady-state compartmental model as shown in Fig. 3.4f. Similar results were

obtained in the compartmental model simulations in the vessel with 40 rpm impeller speed

and can be found in Supplementary Material. Nevertheless, no drastic difference between the

compartmental model and single well-mixed model was observed at this scale for the studied

model compound. The main reason behind this finding can be due to the shorter residence

time of the crystals within a compartment compared to the time necessary for partial depletion

of the main driving force (supersaturation) by the crystal growth and nucleation [28]. In

other words, the rate of the crystallization kinetics were slower than the resident time of a

crystal in a compartment. Additionally, the models describing the crystallization kinetics

especially nucleation mechanisms lack the scale or mixing dependent information such as

energy dissipation rate. Consideration of the mixing dependency can have a great potential

to improve accuracy and applicability of the kinetic models upon scale-up.

3.3.2 Antisolvent crystallization

The simulation performance of the antisolvent crystallization process model is shown

in Fig. 3.5 (at 100 rpm impeller speed). The linear antisolvent feed profile produced

approximately linear decreasing profile of solvent fraction in the bulk solution (Fig. 3.5c)

and corresponding decrease in the saturation concentration (Fig. 3.5d). This antisolvent
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additional profile and corresponding supersaturation generation led the seed crystals (show

in Fig. 3.5a) grow up to the mean crystal size of 277.5 µm (show in Fig. 3.5e) with

the distribution shown in Fig. 3.5b. No tail of CSD in the finer crystal size regions was

obtained, since the supersaturation was generated in low levels (Fig. 3.5d). Time evolution

of CSD can be also seen in Fig. 3.5h. The volume of empty (Compartments 3 and 4)

and partially filled (Compartments 1 and 2) compartments changed dynamically, while the

volumes of the full compartments (Compartment 5 and 6) remained constant during the

antisolvent filling as shown in Fig. 3.5f.

3.4 Conclusions

A mechanistic model library that contains the multi-scale crystallization processes were

developed. The compartmental modeling approach was utilized to simulate the dynamic

changes in the crystal population in combination with mass and energy balances as well

as mixing behavior identified by means of CFD simulations of the liquid phase in 218 L

crystallizer scale. A steady state compartmental model for the batch cooling crystallization

of paracetamol and a novel dynamic compartmental model antisolvent crystallization of

aspirin were demonstrated as two case studies. The compartmental models provide a

unique opportunity to consider the mixing and its influences on the process in model-

based platforms and decision making approaches such as uncertainty and sensitivity analysis,

soft sensor application or risk assessment. Therefore, they can be very useful for the

industrial applications.
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(a) (b)

(c) (d)

(e) (f)

(g)

Figure 3.4: The simulation performance of the batch cooling crystallization process model of
paracetamol from ethanol solvent at 100 rpm impeller speed.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 3.5: The simulation performance of the antisolvent crystallization process model of aspirin
from ethanol solvent and water antisolvent at 40 rpm impeller speed.
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Nomenclature

Symbol Name Unit
A Heat exchanger area [m2]

B Nucleation rate [#/m3s]

C Solute concentration [kg/kg]

Cp Heat capacity [J/kgoC]

CSat Saturation concentration [kg/kg]

CSol Solvent concentration [kg/kg solvents]

C0 Initial solute concentration [kg/kg]

C1, C2 Coefficients of solubility term [kg/kg], [K−1]

Ea Activation energy [kJ/mol]

F Mass flow rate [kg/s]

g, kG3 Growth rate exponent [–]

G Growth rate [m/s]

∆Hc Heat of crystallization [J/kg]

kB1 Secondary nucleation rate constant [m−3s−1]

kB2, kG2 Activation energy [J/mol]]

kg, kG1 Growth rate constant [m/s(ms/kmol)g], [m/s]

kn Primary nucleation rate constant [(#/minm3)nPrim]

Kn Secondary nucleation rate constant [#/m2s]

kv Volume shape factor [–]

L Characteristic crystal size [m]

mSeed Seed mass (loading) [%]

n Volumetric number density of crystals [#/m3]

nCooling Cooling profile exponent [–]

nPrim, nSec, kB3 Exponents of nucleation rates [–]

p0,0...p0,6 Solubility term parameters See ref. [85]

Q Volumetric flow rate [m3/s]

QA,Feed Antisolvent feed rate [m3/s]

R Universal gas constant [J/molK]

S0 Initial supersaturation ratio [–]

t Time [s]
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Symbol Name Unit
tCooling Total batch (cooling) time [s]

tFeed Antisolvent feed time [s]

T Temperature [oC]

U Heat transfer coefficient [W/m2oC]

V Volume [m3]

W , wA Antisolvent weight fraction [–]

nPrim, nSec, kB3 Volumetric number density of crystals [m/s(ms/kmol)g], [m/s]

Greek letters Name Unit
µSeed Mean of seed CSD [µm]

ρl Liquid density [kg/m3]

σSeed Seed standard deviation [–]
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The dynamic mechanistic models have been developed for the crystallization processes in

the previous chapter. This chapter presents an independent validation study of the developed

batch cooling crystallization process model for the model pharmaceutical compound system,

namely paracetamol crystallization from ethanol solvent. The predictive capability of the

model was challenged by the experiments at 50 L pilot scale. Uncertainties in the reported

crystallization kinetic data of this model system were also taken into account in the modeling

by mean of Monte Carlo simulations. This chapter is based upon following Paper C:

Paper C: M. Öner, F. Tran, G. Holm Jensen, T. Ståhlberg, K. Bisgaard-Frantzen, S. M.

Stocks, J. Abildskov, G. Sin. Independent validation of an in silico tool for a pilot scale

pharmaceutical crystallization process development. (Submitted)
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The motivation behind this study was to test "independently" whether the process trends

can be predicted by the model-based approaches and tools. If so, the model-based approaches

can be relied on and would be useful for supporting and speeding up the crystallization

process development, scale-up and optimization studies in the pharmaceutical industries. As

frequently practiced in the literature, the parameters of the crystallization kinetic models

were estimated based upon fitting the models into data coming from various experiments.

Following, the validity of the developed models was tested against another experimental data

by the the same research group and using the same experimental set-up. As expected,

a confirming outcome was achieved. "However, whether these models are also valid

independent from research group and experimental facility is still doubtful. Therefore,

in this work we put emphasis on the term "independent". To this end, the crystallization

process simulations were performed first, then the physical experiments were performed to

verify "independently" the model prediction ability. Accordingly, the crystallization kinetic

models taken from the literature, which were used directly without any modification or

parameter fitting, were simulated. Afterwards, the simulation results were compared with

data that was obtained from the crystallization experiments at a 50 L pilot scale. Herein,

four different cases were tested to understand strengths as well as pitfalls of models. The

differences between the reported kinetic data of the same compound were also taken into

account in the modeling and predictions by means of Monte Carlo simulations." (Paper C)

4.1 Framework of In Silico Tool

The framework of the in silico tool for the crystallization model development, scale-up

and optimization is shown in Fig. 4.1. In the framework, the tool contains the main kinetic

model, which consists of population, mass and energy balance equations. This kinetic model

requires the inputs such as the solubility and the crystallization kinetics. The parameters of

the solubility and the crystallization kinetic equations that often prone to contain various

sources of uncertainties are considered with their uncertainty range e.g. 95 % confidence

interval of estimated parameters or expert review (if available correlation information as well).

Total 400 different values (combinations) for the model input parameters are assigned through

the random sampling from their uncertainty range or variation space. Following 400 model
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Figure 4.1: Framework of in silico tool (Reprinted from Paper C).
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simulations, namely Monte Carlo simulations are performed in order to obtain all the

possible model prediction (model output) uncertainties due to the propagated input parameter

uncertainties or variations. CSD and solute concentration are defined as the comparison

criteria of the model output, since they are also experimentally quantifiable information. The

simulation model results are compared with experimental data. If the experimental data

confirms the simulation predictions, the model becomes validated.

On the contrary, if the experimental results do not confirm the simulation predictions, the

mixing modeling should be incorporated into the in silico tool as well. For this purpose, the

mixing behavior in the specific vessel configuration (geometry) are studied by e.g. CFD. The

information obtained about the mixing behavior is then coupled with the crystallization kinetic

model, hence the mixing effects on the process output can be predicted. The momentum

balance of the solvent phase can be obtained from the single phase CFD simulations. However,

the momentum balance of the solid phase might require the consideration of the classification

of the solids in the crystallizer geometry as well. A comprehensive tool contains the models of

the crystallization kinetics coupled with the mixing behavior by means of the compartmental

modeling approach. Once the model is validated, it can be used for the exploration of the

process operation space, uncertainty and sensitivity analysis, process risk assessment and

development and testing of different process control strategies.

4.2 Pilot Scale Experiments and Comparison with Model
Predictions

Four experiments of the batch cooling crystallization of paracetamol from ethanol were

performed at 50 L scale. Cooling time, seed amount and impeller speed were varied between

the experiments as listed in Table 6.1. A detailed description of the experimental design

and procedure can be found in Paper C. Experimentally measured final CSD (based on

microscopy based image analysis) and solute concentration (measured gravimetrically) over

time were compared with the model predictions. In the modeling, only the uncertainties in the

crystallization kinetic parameters of nucleation, growth, solubility (previously shown in Table

3.2) as well as volume shape factor were propagated to model output by means of Monte

Carlo simulations. Hence, the model predictions were reported with the uncertainties due to

the pre-mentioned input kinetic parameter uncertainties. The comparison of the experimental

measurements and the model predictions can be seen in Fig. 4.2.
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Table 4.1: Operating conditions of the experiments at 50 L (Reprinted from Paper C with some
modifications).

Parameter Exp P01 Exp P02 Exp P03 Exp P04
C0 [kg/kg] 0.274 0.276 0.269 0.278

mSeed [%] 0.1 0.1 1.0 1.0

T0 [oC] 40.0 40.0 40.0 40.0

Tf [oC] 20.0 20.0 20.0 20.0

tCooling [min] 90 190 80 190

NImp [rpm] 150 50 50 150

In general, the process trends during the crystallization could be captured by the crystal-

lization model. Nonetheless, in all four experiments, a faster de-supersaturation of the solute

in the liquid phase especially at the beginning of the crystallization was observed compared

to the model predictions. Underlying reasons can be attributed to the highly uncertain nature

of nucleation kinetics and metastable limits upon scale-up. The deviations between the

experimental and predicted solute concentrations were higher in Exp P01 and Exp P03, in

which the rate of supersaturation creation was higher due to fast cooling. The measured

concentration values at the beginning of Exp P03 and Exp P04 were below the solubility

curve, which is not reasonable, but can be related to the experimental errors. When the

samples were taken at the beginning of the experiment, the temperature of the suspension was

higher than the room temperature. This might lead to formation of some solids additionally

in the sample tube or during the filtration step.

In Exp P01 and Exp P04, the impeller speed was set as 150 rpm that maintained well the

suspension of the crystals in the solution. The final CSD predicted by the model was in good

agreement with the experimental CSD in Exp P01, while similar trend was also obtained

in Exp P04. Since, the higher solute concentration (accordingly the supersaturation) was

predicted by the model in Exp P01, the obtained final CSD had higher number of fine crystals

compared to the experiment. Oppositely, the number of fine crystals was well predicted

in Exp P02, in good agreement in Exp P03 and Exp P04 as well. On the contrary, during

the experiments of Exp P02 and Exp P03, in which impeller speed was set as 50 rpm, the

settlement of some particles was observed in the crystallizer. 50 rpm impeller speed was

chosen based on one of the scale-up rules, namely constant impeller tip speed.
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(a) Exp P01 - Concentration (b) Exp P01 - CSD

(c) Exp P02 - Concentration (d) Exp P02 - CSD

(e) Exp P03 - Concentration (f) Exp P03 - CSD

(g) Exp P04 - Concentration (h) Exp P04 - CSD

Figure 4.2: Comparison of the solute concentration profile and crystal size distribution (Reprinted
from Paper C).
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However, the particle settlement observed in these experiments demonstrated the unreliability

of this scale-up rule. To take a representative sample from these experiments, the impeller

speed was increased to 150 rpm at the end of the experiment and just before taking the final

sample, so that the suspension was mixed homogeneously. After all, the settled crystals

at the bottom of the vessel was subjected to much cooler surface of the heat exchanger.

Consequently, the growth of seed crystals in Exp P02 and Exp P03, which were subjected to

much higher supersaturation, was underpredicted by the model. The settlement phenomena

has so far not been modeled.

4.3 Conclusions

A validation study was carried out with the purpose of testing the prediction ability of

the cooling crystallization model. To this end, the batch cooling crystallization experiments

were performed at 50 L scale for the model compound of paracetamol and the results were

compared with the simulation predictions. It should be emphasized that this was a completely

independent study. The models used were developed from other research groups using

different equipment set-up. However, as demonstrated in this work these models are still

able to capture process trends in the absence of poor mixing. Model-based approaches can

be used to guide and support process development of pharmaceutical crystallization process

e.g. exploration of the operation design space, uncertainty and sensitivity analysis, process

risk assessment and development of process control strategies. For a perfect fit between

the model predictions and the experimental results, the parameters of the model should be

updated with respect to system type and scale, especially for the highly uncertain nucleation

kinetics. To have a higher precision in the predictions, the crystallization kinetic model

should be also couple with the solid and liquid phase momentum models e.g. compartmental

modeling as well as improved with mixing parameters e.g. energy dissipation in nucleation

kinetics. Therefore, any possibility of poor mixing can be examined and the mixing influence

can be reflected to the process output.
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Nomenclature

Symbol Name Unit
C0 Initial solute concentration [kg/kg]

mSeed Seed mass (loading) [%]

T0 Initial temperature [oC]

Tf Final temperature [oC]

tCooling Total batch (cooling) time [min]

NImp Impeller speed [rpm]

nPrim, nSec, kB3 Volumetric number density of crystals [m/s(ms/kmol)g], [m/s]
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In Chapter 3, CFD based compartmental models were developed for both batch cooling

crystallization and antisolvent crystallization systems. In Chapter 4, an independent validation

study of the developed batch cooling crystallization process model for a model compound

was presented. This chapter demonstrates how these developed tools can be used to aid an

efficient and effective process development and optimization studies via two case studies.

To this end, firstly uncertainties in the kinetic models and variation in the operation design
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space were defined. The effects of these uncertainties on the process outcome uncertainty

were investigated in uncertainty analysis. Following, sensitivity analysis facilitated the

identification of the most important/influential parameter on the process output uncertainty.

Finally, the risks of failing a pre-defined process and product target were quantified. This

chapter is based upon following Paper D:

Paper D: M. Öner, S. M. Stocks and G. Sin (2020). Comprehensive sensitivity analysis

and process risk assessment of large scale pharmaceutical crystallization processes, Comput-

ers and Chemical Engineering, 135, 106746.
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5.1 Methodology

Driven by increasing computational power and abundance of available data, high fidelity

mathematical models became prevalent in design, development, control or decision-making

processes especially in engineering applications. However, developed models might contain

various sources of uncertainties associated with model’s structure, measurement errors,

estimated parameters and variability in operating conditions. Therefore, understanding

how these uncertainties influence the model outcome is essential for a reliable, efficient and

responsible use of the models in any decision making process [39, 41]. To this end, uncertainty

analysis complemented with sensitivity analysis was performed to explore the influence of

various model input (parameter) uncertainties on the crystallization model response and to

identify the most important parameter among them. Following, the risks of not achieving

the target product specifications with respect to the uncertainties were quantified.

Schematic overview of uncertainty and sensitivity analysis can be seen in Fig. 5.1.

To perform an uncertainty analysis, following steps were carried out; i) input parameters

having uncertainties were identified and their uncertainty ranges were defined, ii) a pre-

defined number of random samples (values) was created for the input parameters from

their individual uncertainty range, iii) the pre-defined number of model simulations was

performed assigning the pre-created random values to the input parameters (called Monte

Carlo uncertainty propagation through the process model), iv) the outputs of the pre-defined

number of model simulations were plotted together and the results were interpreted [86]. As

a consequence, a probabilistic range of all the possible model responses due to the input

parameter uncertainties was obtained.

Figure 5.1: Schematic overview of uncertainty and sensitivity analysis.
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Subsequently, sensitivity analysis was performed in order to decompose the total model

output uncertainty (output variance) according to the source (input parameters). Thereby,

the individual contributions of the input parameters to the total model output variance were

quantified and a parameter importance ranking was obtained. Detailed descriptions of the

applied methodologies can be found in Paper D.

Schematic overview of the quantification of the process risks can be seen in Fig. 5.2. In

order to quantify the process risks associated with the input parameter uncertainties, firstly

the likelihood of an undesired event was calculated based on the probabilistic distribution

of the model outcome obtained from Monte Carlo simulations. Secondly, the consequence

of this undesired event was defined as a model or function that incorporated various impact

measures e.g. economic and environmental. Finally, the risk was quantified by multiplication

of the likelihood of the undesired event with the consequence of this event.

Figure 5.2: Schematic diagram of the steps to be followed during the quantification of the process
risk based on Monte Carlo simulations.

5.2 Case Study 1 - Batch Cooling Crystallization

5.2.1 Uncertainty analysis

"Definition of uncertainty range is a crucial task. There are two methods commonly

used to define an appropriate range for uncertainties in the literature; (i) If experimental data

is available, parameter uncertainties are inferred using statistical estimation methods. For

example, kinetic parameters of a mathematical model is estimated using maximum likelihood

estimation (MLE) and 95 % confidence interval of the kinetic parameters are used, (ii) If

data is not available, the expert review is used to define an appropriate range such as low,
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medium and high degree of uncertainty. For example, the opinions of process experts are

asked and/or related literature resources are consulted [87, 88]." (Paper D)
As the first case study, the batch cooling crystallization of paracetamol from ethanol

solvent was investigated. The crystallization model input parameters were classified into

two groups; kinetic parameters and operational parameters. These parameters were studied

separately during uncertainty and sensitivity analysis. In the batch cooling system, the

coefficients of solubility (C1, C2) [82], nucleation (kn, nPrim, Kn, nSec) and growth terms

(kg, g, Ea) [81] (shown previously in Table 3.2) were determined from the experimental

data containing errors. Therefore they were identified as the uncertain kinetic parameters.

The uncertainty range for these parameters were specified as ± 5% of the reported mean

values. In addition, volume shape factor, kv, which was used in the calculation of crystal

volume in the population balance equation, was also taken into account. Two different values

reported for paracetamol crystals (kv = 0.674 [82] and kv = 0.866 [89]) were considered

as the uncertainty range.

Furthermore, initial solute concentration, C0, cooling (batch) time, tCooling, cooling profile,

nCooling, seed specifications (mass, mSeed , mean, µSeed and standard deviation, σSeed) were

considered as the operation parameters. These operation parameters have a design space, in

which the parameters should be optimized. The design space of these operation parameters

poses a risk of failing desired product and process specifications that should be quantified. In

order to define the design space of the operation variables, experiences of some crystallization

experts and the conditions studied in the related literature [81, 85] were consulted. The design

space for the operation parameters are listed in Table 5.1. A uniform distribution was assumed

during the sampling of the parameters from their uncertainty range and design space except for

cooling profile and cooling (batch) time. These parameters were sampled as three discrete and

equally spaced values between their upper and lower boundaries in the uncertainty analysis.

350 random values were created for each parameter group (kinetic and operation) from

their uncertainty range and design space by means of Latin Hypercube Sampling (LHS)

technique. These sampling matrices can be found in Supplementary Material. Subsequently,

350 Monte Carlo simulations of the crystallization process model were performed, in

which randomly created values in the sampling matrices were assigned to the parameters.

Solute concentration profile, time evolution of mean crystal size, d32 and final CSD of each

simulations were recorded and can bee seen in Fig. 5.3. Besides, final yield percentage

and final mean crystal size are shown in Fig. 5.4
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Table 5.1: Operation parameters of the batch cooling and antisolvent crystallization processes, and
their design space (Reprinted from Paper D).

Batch cooling crystallization Antisolvent crystallization
Parameter/Design Space Min. Max. Parameter/Design Space Min. Max.
Seed specifications Seed specifications

Seed mass, mSeed [%] 0.1 5.0 Seed mass, mSeed [%] 0.1 5.0

Seed mean, µSeed [µm] 75.0 200.0 Seed mean, µSeed [µm] 75.0 200.0

Seed std.,σSeed [−] 5.0 20.0 Seed std.,σSeed [−] 5.0 20.0

Concentration

Initial concentration, C0 [kg/kg] 0.272 0.323 Initial supersaturation, S0 [kg/kg] 1.0 1.1

(Initial supersaturation, S0) [-] 1.0 1.2 Initial antisolvent wt. frac., wA [%] 10.0 40.0

Other specifications
aCooling profile, nCooling [−] 1/3 3 Operation temperature, T0 [oC] 25.0 35.0

bCooling(batch) time, tCooling [s] 3600 18000 bAntisolvent feed time, t f eed [s] 1000 4000
aCooling profile, nCooling is the exponent in the expression; T = T0 +

(
t

tCooling

)nCooling
· (Tf −T0). It corresponds to a linear

cooling profile, if nCooling = 1, a controlled cooling profile if nCooling = 3 and a natural cooling profile if nCooling = 1/3.

Cooling profile was varied as three discrete values (1, 1/3 and 3) in the uncertainty analysis.
bCooling (batch) time and antisolvent feed time were varied as three discrete and equally spaced values between upper

and lower boundaries in the uncertainty analysis.

As seen in Fig. 5.3 and Fig. 5.4, 5% uncertainties in the kinetic parameters and specified

variations in the operation design space caused high uncertainties in the process outcome.

Variations in the operation design space had much stronger influence on the final d32 and

therefore led to higher uncertainties in d32 at the end of the batch (mean of 226.6±59.3

µm) compared to the 5% uncertainties in the kinetic parameters (mean of 134.4±25.1 µm).

Similarly, higher final average yield obtained in the second case (variations in the design

space) with a similar standard deviation (53.9±26.2 % and 64.3±21.2 %, respectively).

Nonetheless, which parameter had the most contribution to the huge uncertainties on the

process output will be clarified by doing sensitivity analysis.
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(a) Uncertainties in kinetic parameters. (b) Variations in operation design space.

Figure 5.3: 350 Monte Carlo simulations: Total output uncertainty of batch cooling crystallization
due to kinetic parameter uncertainties and variations in operation design space (Reprinted from Paper
D).

(a) Uncertainties in kinetic parameters. (b) Variations in operation design space.

Figure 5.4: 350 Monte Carlo simulations: Total output uncertainty (yield and final mean crystal size)
of batch cooling crystallization due to kinetic parameter uncertainties and variations in operation
design space (Reprinted from Paper D).
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5.2.2 Sensitivity analysis

The sensitivity of the kinetic parameters as well as the operation parameters with respect

to the process outputs of interest (yield and final d32) were determined by Morris screening

method. For each input parameter sets, the level of p = 6, the perturbation factor of ∆ = 0.60

and r = 20 elementary effects calculations were specified in designing Morris sampling

(Sampling matrices can be found in Supplementary Material). Designed Morris sampling

required total r(k+1) = 220 model simulations for k = 10 kinetics parameters and r(k+1) =

140 model simulations for k = 6 operation parameters. As a consequence of Morris screening

method, the distribution of the elementary effects of each input parameters was calculated.

The information about random observations of these distribution functions were reported

in terms of mean and standard deviation of calculated distribution functions. The details

of the calculation methods can be found in Paper D.

The sensitivity measures of mean and standard deviation calculated for kinetic and

operation parameters are shown in Fig. 5.5. The wedge form in the figure enables easy

interpretation of the results. A parameter lying inside of the wedge form indicates the

negligible effect of this parameter on the process output. On the contrary, a parameter lying

outside of the wedge form indicates the significant effect of this parameter on the process

output. Higher the absolute mean a parameter has, higher impact it shows on the process

output. The order of parameter importance based on the calculated values of the absolute

mean and standard deviation plotted in Fig. 5.5 can be found in Supplementary Material.

Calculated Morris sensitivity indices emphasized that among the kinetic parameters,

the second coefficient of the solubility term, C2 had the highest effect on final process

yield and final crystal mean size. The direct correlation between C2 and temperature in the

solubility expression can be principal reason of the highest sensitivity towards this parameter.

In the importance ranking between the kinetic parameters, C2 was followed by activation

energy, Ea in growth expression and first solubility coefficient, C1, respectively. On the

contrary, parameters of the nucleation term showed almost no effect on the process output.

This outcome was expected, since under studied conditions of the crystallization system

growth was the dominating mechanism, while nucleation was insignificant. Considering

these results, increasing the accuracy of the most influential parameters should be focused,

so that the output uncertainty can be minimized.
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(a) Uncertainties in kinetic parameters.

(b) Variations in operation design space.

Figure 5.5: Comparison of Morris screening results for the kinetic parameters and the operation
parameters for two output of interests; process yield and final mean crystal size. Parameters that have
a mean value very close to zero were not shown (Reprinted from Paper D).

Understanding of the process determinants can be enhanced and their contributions to

process output uncertainty can be quantified by doing sensitivity analysis of the operation

parameters with respect to different process outputs of interest. Calculated Morris sensitivity

indices emphasized that among the operation parameters, cooling (batch) time followed

respectively by cooling profile and initial concentration had the highest effect on final

process yield. The specifications of the seed CSD such as mean and mass as well as

initial concentration had the strongest effect on final mean crystal size obtained from the

process. No interaction between these parameters were inferred from calculated standard

deviation values. So, these parameters had only additive effects on the process output

variance. Considering these results, it can be concluded that seed specifications should be

excluded from the operation design space and focus should be given to cooling time and

profile in order to optimize the process yield. Oppositely, seed specifications should be
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the first choice of optimization in order to optimize final mean crystal size. The results of

Morris screening methods were also verified by two surrogate based variance decomposition

methods (polynomial chaos expansions (PCE) and ANN) and these results can be found

in Supplementary Material.

5.2.3 Process risk quantification

Two different criteria were used to specify target product quality of the batch cooling

crystallization process; process yield, Yield% and final average crystal size diameter, d32.

Defined target for these quality criteria were as follows:

Yield% =
YieldActual

YieldT heoretical
·100≥ 60% (5.1)

d32 ≥ 140µm (5.2)

The undesired event was defined as achieving Yield% and d32 less than the target at

the end of the process. The risks with respect to these undesired events were quantified

separately. In the previous section, the effects of variations in the operation design space were

examined based on 350 Monte Carlo simulations. In these simulations, input uncertainty

(or variations in design space) were propagated to the process output. Fig. 5.4 (b) shows

all the possible outcomes due to the variations in the design space. These data were used

to calculate the probability distributions of Yield% and d32. The probability distributions

were plotted as histograms in Fig. 5.6 (on the left side) for Yield% (top) and for d32 (bottom).

Corresponding cumulative density functions of the probability distributions were calculated

and can be seen in Fig. 5.6 (on the right side). The dashed line on the graph shows the

target and the shadowed region indicates the simulations that failed the target. Therefore, the

probability value (y-axis) of the target value (x-axis) in the cumulative density curve plot

(Fig. 5.6 right side) corresponds to the probability of failing target. Therefore, under the

given operation conditions of the batch cooling crystallization of paracetamol from ethanol

solvent, the probability of failing target Yield% was calculated as 41.5 % and final d32 was

as 14.0 %. This means that 145 and 49 simulations out of 350 simulations failed to achieve

target Yield% and d32 specifications, respectively. The probability of not achieving target

would increase up to 46.6 %, in case both Yield% and final d32 specifications were desired

simultaneously as a success criteria of the process.
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Figure 5.6: Batch cooling crystallization: Histogram of of the predicted probability distribution of
Yield% and d32 obtained from 350 Monte Carlo simulations (on the left side). Cumulative density
functions of the predicted values (on the right side) (Reprinted from Paper D).

The consequence of not achieving target Yield% was defined as the product loss. If the

process risk was assessed based on the Yield% specification, the overall risk was quantified

as 7.1 % product yield loss per batch. On the other hand, the consequence of not achieving

target d32 was determined as throwing away or waste the batch that would have an economic

impact (cost of product and solvent) as well as an environmental impact (solvent waste).

"A pilot scale batch of 218 L crystallization contains approximately 46.8 kg paracetamol

and 172.0 kg ethanol (assuming 0.272 kg/kg API concentration). When the process is

scaled up to 10,000 L bearing in mind the industrial production, approximately 2146.1 kg

paracetamol and 7890.0 kg ethanol are wasted when only one batch is thrown away. This

will cost an average 12,300 $ per batch [90, 91]. On the other hand, the risk of failing product

specification of d32 under given operation design space of the batch cooling crystallization

was calculated as app. 1,700 $ per batch, when the crystallized API is paracetamol. However,

it is worth to emphasize that paracetamol is one of the cheapest APIs in the drug market.

As, the prices of APIs changes drastically that will change the risks of the process as well

[90]. For example, under the same conditions the process risk calculated based on a drug that

costs 500 $/kg would be app. 151,700 $ per batch considering a high value API. The risk
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rises up to 504,940 $ per batch, if both target yield and final mean crystal size specifications

are required as a success criteria of the process. The second consequence of environmental

impact due to waste of solvent, which is ethanol in given case, can be evaluated based on

different measures including some of the midpoint characterization factors (CFm) of Life

Cycle Assessment (LCA) [92, 93]. Table 5.2 shows the calculated environmental risks with

respect to the waste of ethanol solvent per batch.

It is worth to mention also, that impurities were not incorporated into the developed

model. However, it is well known that the presence of even small amount of impurities

can have a substantial impact on the crystallization kinetics in reality such a suppressing

nucleation or both suppressing or enhancing growth. Impurities can also change the growth

morphology of the crystals [57, 94]. Changes in crystallization kinetic habits will affect the

process output as well as the related uncertainty, and hereby the risk." (Paper D)

Table 5.2: Environmental risk calculations (per batch of cooling crystallization) based on various
CFm of LCA due to wasting ethanol solvent (Reprinted from Paper D).

Impact category - CF CFm Unit Risk
Global warming potential - GWP 1.19 kg CO2 to air 1.32·103

Fresh water ecotoxicity - ETPfw 2.24·10−6 1,4−DCP eq. em. to fw 2.47·10−3

Ecosystem ozone formation pot. - EOFP 0.20 kg NOx −eq/kg 2.21·102

5.3 Case Study 2 - Antisolvent Crystallization

5.3.1 Uncertainty analysis

As the second case study, the antisolvent crystallization of acetylsalicylic acid (aspirin)

from ethanol solvent and water antisolvent was investigated. The operation parameters of

the antisolvent crystallization process are of critical importance for the optimization of the

process performance and the assessment of the process risks of not achieving production

target. In this system, crystallization temperature, T0, initial supersaturation ratio, S0, feeding

time, t f eed (or antisolvent addition rate, Fa), seed specifications (mseed , µseed and σseed)

and initial antisolvent weight fraction, wA,0 were considered as the operation parameters of

interest. The operation design space for those parameters is given in Table 5.1. A uniform

distribution was assumed during the sampling of the parameter values from their design space

except for the antisolvent feeding time. This parameter was sampled as three discrete and
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equally spaced values between its upper and lower boundaries in the uncertainty analysis.

600 random values were created from their input space based on LHS technique. The

sampling matrix can be found in Supplementary Material. Following, 600 Monte Carlo

simulations of the antisolvent crystallization process model were performed, in which

randomly created values in the sampling matrices were assigned to the parameters. The

change in the antisolvent weight fraction, solute concentration profile, time evolution of

mean crystal size, final CSD of each simulations were recorded and can bee seen in Fig. 5.7.

Besides, the final yield percentage and final mean crystal size are also shown in Fig. 5.7.

Figure 5.7: 600 Monte Carlo simulations: Total output uncertainty of the antisolvent crystallization
due to the variations in the design space of the operation parameters (Reprinted from Paper D).

As seen in Fig. 5.7 specified variations in the operation design space caused high uncer-

tainties in the process performance and consequently the product specification, especially final

mean crystal size, d32. The final average d32 calculated from 600 Monte Carlo simulations

was 263.3±104.7 µm, while average final process yield was calculated as 93.7±8.2 % from

600 Monte Carlo simulations. Which operation parameters had the most contribution to the

huge uncertainties on the process output will be clarified by doing sensitivity analysis.
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5.3.2 Sensitivity analysis

The sensitivity of the operation parameters with respect to the process outputs of interest

(Yield% and final d32) was determined by calculating Sobol’s sensitivity indices based on

PCE. Table 5.3 shows that the calculated Sobol’s sensitivity indices. These calculated indices

emphasized that Yield% was strongly affected by the antisolvent feed time showing similarity

to the cooling time in the batch cooling crystallization. On the other hand, among the

operation parameters, seed mean and mass were the most influential on determining the

final mean crystal size. Considering these results, it can be concluded that crystallization

temperature should be excluded from the operation design space and focus should be given

to antisolvent feed time and initial antisolvent weight fraction in order to optimize the

process yield. Oppositely, seed specifications should be first choice of optimization in

order to optimize final mean crystal size.

Table 5.3: Ranking of the operation parameters of the antisolvent crystallization based on PCE-based
Sobol’s indices. Output performance criteria are final yield percentage and final mean crystal size
(d32) (Reprinted from Paper D).

Yield% Final d32

Rank Parameter Si STi Rank Parameter Si STi

1 t f eed(Fa) 0.9914 0.9954 1 µSeed 0.5854 0.5854

2 wA,0 0.0005 0.0045 2 mSeed 0.3085 0.3179

3 mseed 0.0023 0.0033 3 wA,0 0.0662 0.0662

4 µseed 0.0009 0.0013 4 t f eed(Fa) 0.0305 0.0399

5 S0 0.0001 0.0012 S0 0 0

6 T0 0.0000 0.0004 T0 0 0

7 σseed 0 0.0002 σseed 0 0

5.3.3 Process risk quantification

Similar to the first case study, the target product quality of the antisolvent crystallization

process was defined as follows:

Yield% =
YieldActual

YieldT heoretical
·100≥ 90% (5.3)

d32 ≥ 300µm (5.4)
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The undesired event was defined as achieving Yield% and d32 less than the target at the

end of the process. The risks with respect to these undesired events were quantified separately.

In previous section, the effects of the variations in operation design space were examined

based on 600 Monte Carlo simulations. In these simulations, the variations in design space

were propagated to the process output. Fig. 5.7 shows all the possible outcomes due to the

variations in the design space. These data were used to calculate the probability distributions

of Yield% and d32. The probability distributions were plotted as histograms in Fig. 5.8 (on the

left side) for Yield% (top) and for d32 (bottom). Corresponding cumulative density functions

of the probability distributions were calculated and can be seen in Fig. 5.8 (on the right side).

The dashed line on the graph shows the target and the shadowed region indicates failing of the

target. Therefore, the probability value (y-axis) of the target value (x-axis) in the cumulative

density curve plot (Fig. 5.8 right side) corresponds to the probability of failing target.

Figure 5.8: Antisolvent crystallization: Histogram of the predicted probability distribution of Yield%
and d32 obtained from 600 Monte Carlo simulations (on the left side). Cumulative density functions
of the predicted values (on the right side) (Reprinted from Paper D).

Therefore, under the given operation conditions of the antisolvent crystallization of

aspirin from ethanol solvent and water antisolvent, the probability of failing target Yield%

was calculated as 18.2 % and final d32 was as 68.7 %. This means that 109 and 412

simulations out of 600 simulations failed to achieve target Yield% and d32 specifications,

respectively. The probability of not achieving target would increase up to 71.8 %, in case

both Yield% and final d32 specifications were desired simultaneously as a success criteria
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of the process. Similar consequences were assumed in the case of failing target process

and product specifications. If the process risk was assessed based on the Yield%s criterion,

the overall risk was quantified as 1.5 % product yield loss per batch. Furthermore, "if the

batch is thrown away or wasted in consequence of failing target d32, approximately 2981.7

kg aspirin, 3623.9 kg ethanol and 5412.8 kg water will be wasted per batch. The economic

consequence is therefore 13,630 $ per batch and the economic risk is calculated as app. 9,400

$ per batch. The risk increases up to 14,250 $ per batch, if both target specifications are

required at the same time. The calculated environmental risks due to the waste of solvent

ethanol per batch is give in Table 5.4 (for the second criteria only)." (Paper D) These process

risk calculations can be used to assist the process development and optimization studies and

also can help better understand and quantify both economic and environmental consequences

of the process failure for the specific design strategies.

Table 5.4: Environmental risk calculations (per batch of antisolvent crystallization) based on various
CFm of LCA due to wasting ethanol solvent (Reprinted from Paper D).

Impact category - CF CFm Unit Risk
Global warming potential - GWP 1.19 kg CO2 to air 2.96·103

Fresh water ecotoxicity - ETPfw 2.24·10−6 1,4−DCP eq. em. to fw 5.58·10−3

Ecosystem ozone formation pot. - EOFP 0.20 kg NOx −eq/kg 4.98·102

5.4 Conclusions

The kinetic parameters and the operation parameters were defined as the sources of

uncertainties and variations in the crystallization processes. These uncertainties were

propagated to the process output by means of Monte Carlo process simulations. The obtained

huge uncertainties on the process output of yield and final mean crystal size were decomposed

into their individual contributors by applying sensitivity analysis. The results of the sensitivity

analysis revealed a parameter importance ranking for the mentioned output of interest (yield

and final mean crystal size). These results can be used as a guidance about the optimization

strategies that should be applied in order to reduce the process output uncertainty. Moreover,

the risks of not achieving target process yield and final mean crystal size with respect

to the process operation design were quantified considering economic and environmental

consequences. In conclusion, uncertainty and sensitivity analysis combined with the risk

assessment are the essential components of the good modeling practise that can improve the
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process understanding and aid in determining more efficient optimization strategies.

Nomenclature

Symbol Name Unit
C1, C2 Coefficients of solubility term [kg/kg], [K−1]

C0 Initial solute concentration [kg/kg]

d32 Mean crystal size [µm]

Ea Activation energy [kJ/mol]

Fa Antisolvent addition rate [kg/s]

g Growth rate exponent [–]

k Number of parameters [#]

kg Growth rate constant [m/s(ms/kmol)g]

kn Primary nucleation rate constant [(#/minm3)nPrim]

Kn Secondary nucleation rate constant [#/m2s]

nPrim, nSec Exponents of nucleation rates [–]

kv Volume shape factor [–]

mSeed Seed mass (loading) [%]

nCooling Cooling profile exponent [–]

p Morris parameter (level) [–]

r Elementary effects [–]

S0 Initial supersaturation ratio [–]

t Time [s]

tCooling Total batch (cooling) time [s]

tFeed Antisolvent feed time [s]

T0 Initial or operation temperature [oC]

Tf Final temperature [oC]

wA,0 Initial antisolvent weight fraction [–]

nPrim, nSec, kB3 Volumetric number density of crystals [m/s(ms/kmol)g], [m/s]
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Greek letters Name Unit
∆ Perturbation factor [–]

µSeed Mean of seed CSD [µm]

σSeed Seed standard deviation [–]

nPrim, nSec, kB3 Volumetric number density of crystals [m/s(ms/kmol)g], [m/s]
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In this chapter, a data driven control strategy was developed and applied experimentally

on a model pharmaceutical compound system (batch cooling crystallization of ibuprofen

from ethanol). In this strategy, a Radial Basis Functions (RBF) network model was trained

in real time with the experimental data obtained via Process Analytical Technology (PAT)

tools during the crystallization operation and a reference batch data. The control objective

was to optimize the cooling profile with the aid of trained RBF model in order to achieve

the target crystal population profile throughout the process. The robustness of the control

strategy was comprehensively evaluated in the presence of several disturbances. This chapter

is based upon following Paper E:
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Paper E: M. Öner, F. C. C. Montes, T. Såhlberg, S. M. Stocks, J. Eriksson Bajtner, G.

Sin. Comprehensive Evaluation of a Data Driven Control Strategy: Experimental Application

on a Pharmaceutical Crystallization Process. (Submitted)
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6.1 Implementation of Data Driven Control Strategy

Fig. 6.1 shows the schematic diagram of the set up for RBF driven crystallization control

experiments. The key idea of the data driven control was to make use of RBF network trained

in real time with two different input data update strategies (online and a reference batch

data) to optimize the control input of the jacket temperature set point. This optimization

was performed for a future time horizon with respect to a cost function under the imposed

constraints. The particular objective of the cost function was to minimized the differences

between a reference state of the system and the RBF-predicted state of the system normalized

with respect to the reference state for the same future time horizon.

Figure 6.1: Schematic representation of the set-up for RBF driven crystallization control experiments
(Reprinted from Paper E).

Time varied temperature was defined as input and chord length distribution (CLD) profile

was defined as output for the training of RBF model. Temperature was measured by a Pt100

sensor and CLD (as a footprint of CSD) was measured by a Focused Beam Reflectance

Measurement (FBRM) sensor during the experiments. A CLD profile obtained from a good

batch (or preferably from a golden batch) was identified as a reference state of the system
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that was desired to achieve and maintain during the control experiments.

The general procedure of the data driven control experiments was as follows: The crystal-

lization experiment was started after the addition of the seed material into the supersaturated

solution. During the first 90 minutes, a pre-defined temperature profile was applied to the

suspension. During the first 90 minutes as well as rest of the experiment, temperature and

CLD data were collected with a sampling frequency of 10 seconds. At the end of 90 minutes,

RBF driven control was activated. Two different approaches were employed in order to

update the structure of the training data for RBF model:

• Growing Data Strategy (GDS): Only experimental data collected until the training of

RBF, whose size increases as more data is collected during the experiments.

• Updated Data Strategy (UDS): A reference (a golden) batch data, which is partially

replaced with available experimental data.

The advantages and limitations of both strategies were discussed in detail in Paper E. In

the experiments, both GDS and UDS were employed. The RBF model was trained with GDS,

if the current CLD profile was above the reference profile. On the contrary, the RBF model

was trained with UDS, if the current system CLD profile was equal or below the reference

profile. This approach can be rationalized as follows: "When the current CLD state was

above the reference, heating could easily eliminate the offset. However, the current CLD

state in the crystallizer was below the reference state, simple cooling would not bring the

current CLD state to the reference state. Because crystallization mechanisms are complicated,

the crystal growth is slow and differs for each API compound. Finally, after a degree of

sub-cooling spontaneous nucleation might occurs. In that sense, UDS was more reliable,

since it was enriched with data" (Paper E). Using the trained RBF model, the temperature

set-point to be sent to the thermoregulator as the control signal was optimized with respect to

a cost function J and imposed constraints that are formulated as following in Eq. 6.1:

J = min

{
∑

[
CLDRe f −ĈLDRBF

CLDRe f

]2
}

subject to Rmin(k) ≤ dT (k)
dt

≤ Rmax(k)

Tmin(k) ≤ T (k) ≤ Tmax(k)

(6.1)

where CLDRe f and ĈLDRBF are reference and RBF predicted CLD, R is the heat-

ing/cooling rate and T is temperature. The optimization problem in Eq. 6.1 was solved
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in MATLAB R2018b using fmincon function. Temperature set points, Tset , were obtained

by the solution of the optimization problem and were sent to to the thermoregulator as the

control signals. 30 minutes corresponding to 180 data points were defined as the prediction

horizon, while 5 minutes corresponding to 30 data point were implemented as the control

horizon. The RBF network model was continuously re-trained with the data set enlarged or

updated with new 30 data points, after the implementation of the Tset data for the control

horizon. Subsequently, the optimization problem was re-solved. This procedure was repeated

until the end time of the crystallization process.

6.2 Data Driven Control Experiments

6.2.1 Experimental design

The proposed data driven control strategy requires a reference batch data beside online

experimental data. For this purpose, a crystallization experiment was carried out under

the following conditions; i) a controlled cooling profile was applied for about 5.5 h, ii)

initial supersaturation ratio was 1.05, iii) seed mass of 2 % was added into the solution

and iv) the smallest seed size obtained from seed sieving was used. The data collected in

this experiment was regarded as the reference batch data (GBE) to be used in the training

of the RBF model. Additionally, the CLD profile of this experiment was defined as the

reference CLD profile that was desired to be achieved and maintained by the control action

in the presence of disturbances in the process.

In the control experiments, several disturbances were introduced into the process. These

disturbances were initial supersaturation ratio (S0), impeller speed (NImp), water content of

ethanol solvent and seed size distribution. 10 experiments were designed based on a fractional

factorial experimental design approach with two center points. Experimental conditions

are listed in Table 6.1. The details of the experimental procedure and some suggestions for

obtaining a reference batch data can be found in Paper E.
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Table 6.1: Reference batch experiment (GBE) and design of control experiments (DoE) (Reprinted
from Paper E with some modifications).

DoE No Pattern S0 [-] NImp [rpm] Water [% v/v] Seed fraction
GBE 1.05 400 0.0 Small

01 – – – – 1.00 400 0.0 Small

02 + + – – 1.10 550 0.0 Small

03 + + + + 1.10 550 5.0 Big

04 – + + – 1.00 550 5.0 Small

05 – – + + 1.00 400 5.0 Big

06 + – – + 1.10 400 0.0 Big

07 0 0 0 0 1.05 475 2.5 Medium

08 0 0 0 0 1.05 475 2.5 Medium

09 + – + – 1.10 400 5.0 Small

10 – + – + 1.00 550 0.0 Big

6.2.2 Reference batch experiment

The controlled cooling profile applied in the reference batch experiment can be seen in

Fig. 6.2. To this end, the desired TSet profile was sent to the thermoregulator. The internal PID

controller of the thermoregulator regulates the internal coolant temperature (TInternal) in order

to minimize the difference between TSet and process temperature TProcess. Fig. 6.2 clearly

demonstrates that the internal PID controller in the thermoregulator was able to control the

temperature in the process very well so that TProcess followed TSet smoothly. Corresponding

counts of chord length trajectories can be seen in Fig. 6.3.

"The number of crystal particles with different sizes can be correlated and characterized

with the counts of chord lengths in different channels of FBRM statistics. However, the

choice of threshold for the separation of fine and coarse chord length is somehow random and

is subjected to arbitrary judgement [95]. Hence, fine particles are associated with the different

channels of chord length such as between 1 - 10 µm [96], 1 - 20 µm [97] or 1 - 23 µm [98],

while remaining channels of chord length are regarded as medium and/or coarse particles"

(Paper E). In this study, the chord length channels were divided into three class as 1 - 10 µm,

10 - 500 µm and 500 - 1000 µm shown in Fig. 6.3 at the top. In the figure, it can be seen that

total chord counts between 10 - 500 µm follows a similar profile to total chord count in the

complete range (1 - 1000 µm). However, towards the end of the process (after 200 min.) these
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Figure 6.2: Controlled cooling profile was followed during the reference batch experiment (Reprinted
from Paper E).

two chord count profiles tends to differentiate due to the increasing number of crystals in the

fine length classes (1 - 10 µm). This can be attributed to the secondary nucleation event. No

crystal growth above 500 µm was detected via FBRM probe during the experiments. On the

other hand, the sum of square-weighted (chord-length-weighted) chord counts for different

chord channels based on Eq. 6.2 can be seen in Fig. 6.3 at the bottom. Square weighted

function is not sensitive to fine crystals and it has been commonly used to emphasize coarse

crystals [95, 99]. This can be seen also in Fig. 6.3. While the sum of square-weighted counts

between 10 - 500 µm increases continuously, the sum of square-weighted counts between

1 - 10 µm does not change, even though the sum of chord count changes. Therefore, the

trajectory of the sum of square-weighted counts between 10 - 500 µm was determined as a

reference trajectory, CLDRe f as in Eq. 6.3 that are desired to be followed during the RBF

driven control experiments in the presence of the pre-mentioned process disturbances.

Sum of square-weighted counts =
L f

∑
i=L0

NLi · (Li)
2 (6.2)

where N0 and N f are the initial and final channels of the chord length range, NLi is the

measured chord count in the corresponding to the chord channel of Li.

CLDRe f =
500

∑
i=10

NLi · (Li)
2 (6.3)
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Figure 6.3: Chord count profiles measured by FBRM probe during the reference batch experiment:
Total chord count of different chord length classes (top) and sum of square weighted chord counts of
different chord length classes (bottom) (Reprinted from Paper E).

6.2.3 Control experiments

Total 10 experiments (DoE No. 1 - 10 in Table 6.1) were performed in order to

test and demonstrate the robustness of the proposed data driven control strategy. In a

control experiments, RBF model was re-trained approximately 44 times until the end of the

experiment. Mean absolute percentage error (MAPE) calculated as in Eq. 6.4 [100] was

used to evaluate the performance of the trained RBF model’s predictions.

MAPE =
1
n

n

∑
i=1

|Yi− Ŷi|
Yi

·100 (6.4)

where n is number of data points, Yi is the experimental value and Ŷi is the RBF-predicted
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value. To this end, after TSet was predicted by RBF model for a future horizon (30 data

points), the freshly trained RBF model was utilized to predict chord count profile (ĈLDRBF )

corresponding to TSet data points. Calculated MAPE for all 10 experiments can be seen

in Fig. 6.4. The calculated error was higher at the beginning of the experiments and it

decreased below 5 % in the course of the experiments as the training data enriched in terms

of the of current dynamics of the system.

Figure 6.4: Mean absolute percentage error calculated for the performance evaluation of the RBF
model predictions during the experiments (Reprinted from Paper E).

Fig. 6.5 shows CLDExp (top) and temperature profile (bottom) during the RBF driven

control experiment of DoE 09 in Table 6.1. In DoE 09, the positive disturbances on S0 and

water content of the ethanol and negative disturbances on NImp and seed size were introduced.

When the RBF driven control was activated at 90 minutes, CLDExp was below the CLDRe f .

The trained RBF model took the action of cooling the suspension until approximately CLDRe f

was caught. Following, it continued to cool down the suspension with a different rate (slope

or ∆T/∆t) corresponding to a slower cooling rate. As a result, CLDExp profile driven by the

RBF based control was able to follow smoothly CLDRe f profile.

The chord count profiles and the manipulated temperature trajectories of all the control

experiments are plotted in Fig. 6.6. It is clearly seen that, the proposed data driven control

approach could handle all different disturbance scenarios. In 8 out of 10 cases, less than 10

% deviation from the reference state was achieved not only the at the end of the experiment,

but also during the last approximately 3 hours. However, approximately 17 % deviation from

the reference state was maintained in the the remaining 2 experiments (DoE 01 and DoE

10). In both experiments, there was no driving force of supersaturation initially (negative
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disturbance). Since the supersaturation is the main driving force for the main crystallization

mechanisms, the absence of this driving force might be reason why experimental CLDExp

profiles were lower than CLDRe f in these two experiments. Nevertheless, CLDRe f profile

was still being smoothly followed with an offset. "In such situations, one way to deal

with could be that the system can be sub-cooled so that nucleation is promoted. However,

this method can have two major shortcomings; i) it might not be economic to sub-cool

and heat again especially for large scale systems e.g. in industry, ii) nucleated crystals

also consume supersaturation, so growth can still be hindered due to low supersaturation

available" (Paper E).

Figure 6.5: Chord count (Above) and temperature (below) trajectories during RBF driven control
experiment, DoE 09 (Reprinted from Paper E).
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On the other hand, the final temperature values determined by the RBF control were

above the final temperature of the reference batch, while CLDRe f profiles were achieved.

The offset in the final suspension temperature might bring the concern of yield loss. In order

to overcome of this concern, the constraints of the objective function such as Tmax can be

modified into much lover value during the final stages of the experiment. Alternatively, a

yield-related term can be added to the pre-mentioned objective function in the optimization.

In this study, Tmax constraint of the objective function was changed into 13 oC at the end

of 5.5 hours (330 minutes) and RBF driven control continued for for a half hour more

(until 360 minutes). As seen in Fig. 6.6, the final temperature of approximately 10 oC

was achieved in DoE 1 and DoE 7.

Figure 6.6: CLD profiles of all RBF driven control experiments (Reprinted from Paper E).
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6.3 Conclusions

A data-driven control strategy was developed and experimentally applied on the cooling

crystallization of ibuprofen. In this control strategy, only experimental data and a reference

batch data were employed during the real-time training of the data-driven model (RBF

network). The objective was to achieve the desired reference chord count profile by

optimizing the cooling profile in the crystallizer. The experiments, in which several process

disturbances existed, were designed systematically in order to assess the robustness of the

control strategy. The experimental results revealed that the implemented data driven control

strategy was able to easily overcome all the disturbance scenarios. The presented control

strategy is simple, fully-automated and requires relatively limited data. These features can be

be very advantageous for a quick development and control of the crystallization processes,

when comprehensive process understanding and historical data are not readily available.

Nomenclature

Symbol Name Unit
CLDRe f Reference CLD [#µm2/s]
ĈLDRBF Predicted CLD by RBF [#µm2/s]
Li Chord length channel of i [µm]
n Number of data points [#]
NLi Total chord count in the channel i [#/s]
NImp Impeller speed [rpm]
S0 Initial supersaturation ratio [kg/kg]
R Heating/cooling rate [oC/s]
t Time [s]
T Temperature [oC]
TInternal Internal temperature of thermoregulator [oC]
TProcess Temperature in the crystallizer [oC]
TSet Temperature set point [oC]
Yi Experimental CLD [#µm2/s]
Ŷi Predicted CLD by RBF [#µm2/s]
nPrim, nSec, kB3 Volumetric number density of crystals [m/s(ms/kmol)g], [m/s]



7
Conclusions and Future Perspectives

Contents

7.1 Main Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
7.2 Recommendations for Future Studies . . . . . . . . . . . . . . . . . . 91

In this chapter, the overall conclusions of this thesis are given and the future perspec-

tives are addressed.
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7.1 Main Conclusions

In the presented work, it was demonstrated that in silico tools can play a key role in

supporting the efficient and effective development of the crystallization processes. Thus,

they have great potential to improve process understanding, accelerate and enhance process

optimization and control, especially in the manufacturing of pharmaceutical products. The

developed tool contains multi-scale mechanistic models for batch cooling and antisolvent

crystallization processes, and is integrated with the methodologies for global uncertainty and

sensitivity analysis, process risk assessment and finally, a data-driven control strategy.

In the development stage of the multi-scale crystallization process models, the population,

mass and energy balance equations were combined with mixing information, and modeled as

multi-compartmental models. The mixing information was obtained from CFD simulations.

Batch cooling crystallization of acetaminophen (paracetamol) and antisolvent crystallization

of acetylsalicylic acid (aspirin) were demonstrated as two case studies. Multi-compartmental

model of a 218 L pilot scale crystallizer was used in these case studies. One of the prominent

outcomes was the novel dynamic compartmental model that was developed for antisolvent

crystallization process to account for volume changes upon antisolvent filling. The prediction

ability of the tool was tested against independent pilot scale batch cooling crystallization

experiments performed at a 50 L scale for the model compound of paracetamol. A comparison

of the solute concentration and final CSD between the simulation results and the experimental

measurements revealed a good agreement in the absence of mixing failures such as particle

settlement, which has so far not been modeled. Large scale CFD models can provide a detailed

map of the mixing in all levels and the corresponding impacts on the local phenomena or

process output. In return, they require expert knowledge, extensive amount of time and effort

to set up, simulate and interpret the results, which is often not favourable and applicable

in the industry. In that sense, the compartmental models can be very useful tools for the

industrial applications. The opportunity to take the mixing into account in various model-

based platforms and decision making approaches, which often lack this information, is

the outstanding feature of these models.

Global uncertainty and sensitivity analyses have a great potential in gaining a better

understanding of the process and thus new optimization strategies can be developed. For

this purpose, they were used to determine the impact of process uncertainties on the process

response and to identify the most important process determinants. Crystallization kinetic

parameters and operation parameters were identified as the sources of process uncertainties
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and variations. Monte Carlo process simulations were performed in order to quantify their

effect on the process output. Individual contributions of uncertain input parameters on

the output variance were identified by applying global sensitivity analysis such as Morris

screening, variance decomposition or metamodel-based methods. The parameter significance

ranking obtained for yield and final mean crystal size as the sensitivity output of interest

suggested that different optimization strategies (cooling/antisolvent feed time for the process

yield and seed mean for the final mean crystal size) should be taken into account for reducing

the process output uncertainty. In addition, the Monte Carlo simulations providing the

probabilistic model predictions facilitated the process risk assessment. The risks of failing

target process yield and final mean crystal size associated with the design space of the process

operation were quantified considering economic and environmental consequences. A natural

progression of this work would be mitigating the high risk by optimizing the key process

determinants (the parameters with the highest impact on the variance of the process output

of interest) that were identified via sensitivity analysis.

PAT tools can provide vast information about the dynamics of the crystallization process.

This information is accessible online and in situ. Accordingly, they create great opportunities

for developing and applying advanced methods and improving the reliability of process

control strategy. With this purpose in mind, a data-driven control strategy, which utilizes

the available data via PAT tools and a reference batch data, was developed. Ibuprofen

was selected as model compound for this case study. Time varied temperature and chord

count profile measured by a FBRM sensor were used to train the RBF network-based data-

driven model. The objective of the control strategy was to optimize the operation of the

cooling crystallization (temperature profile) for a future horizon in order to achieve desired

reference chord count profile. Robustness of the developed control strategy were tested

with comprehensive experiments in the presence of various disturbances at laboratory scale.

Experimental results showed that the implemented fully-automated data based control was

able to easily handle all case scenarios. The specialties that makes the RBF network driven

control prominent are as follows: it is easy to implement, fully automated and relies on a

limited data. The presented control strategy could be especially beneficial for supporting

a quick process development and control, when comprehensive process understanding and

historical data are not readily available.
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7.2 Recommendations for Future Studies

In this work, it was demonstrated that model-based and data-driven approaches can im-

prove process understanding, speed up and aid process development, optimization and control

activities especially in the pharmaceutical manufacturing. There are several opportunities

for further improvement and the suggestions for the future studies are as follows:

Available literature data was used in the modeling of crystallization kinetics, which

is often not available during the early stage developments of an API. Therefore, some

experimental efforts and data collection are still required for the identification of the model

parameters (e.g. solubility and kinetics). Systematic approaches are recommended to be

developed and integrated with further property estimation tools in order to minimize these

efforts. To illustrate, experimental and kinetic data bases similar to the thermodynamic

data bases can be formed and a comprehensive guideline for determining missing data with

minimum number of experiments can be established.

In the compartmental model, the crystallization kinetics were coupled with the mixing

behavior of the single phase solvent. The mixing behavior can change upon inclusion of

the solid phase, which is required to be investigated. Additionally, particle settlement or

particle classification can exist in the large scale vessels due to the mixing limitations. The

prediction ability of the compartmental models can be potentially improved by including

these mechanisms. Some validation experiments, in which several sensors are located in

different levels in the large scale vessel, are also recommended for both batch cooling and

antisolvent crystallization systems.

In the uncertainly and sensitivity analysis, the kinetic parameters and the operation param-

eters were evaluated separately. The sensitivity of only final process outputs were calculated.

However, it would be worth to test how the uncertainty and sensitivity change, when all

those parameters are assessed simultaneously and whether the parameter importance ranking

obtained by sensitivity analysis changes over time. Besides, other types of uncertainties

such as model structure uncertainty are recommended to be investigated. On the other hand,

the process output of interest can be defined directly in terms of some economic measures

that might be more interesting for the industrial applications. Finally, it is recommended

to integrate the process risk quantification strategy into a crystallization process in order to

predict the final product specifications with the associated risk.

The proposed and implemented data-driven control strategy utilized only time varied

temperature and chord count profile measured by a FBRM sensor in order to train the RBF
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network. Therefore, it is recommended for a future work to correlate other measurable data

that enlightens the complicated dynamics of the crystallization process and their combinations

in the training of the data-driven model. Availability of more information such as solute

concentration measured by an in situ e.g. ATR-FTIR or ATR-UV probe, polymorphs detected

by a e.g. Raman probe, crystal size distribution and crystal shape measured with an in situ

image analysis probe enable the formulation of different objective functions in order to

achieve critical quality attributes in desired range. Additionally, other available hidden layer

network models and toolboxes such as machine learning toolboxes in MATLAB and different

input-output data structures can be tested. It would be also interesting to challenge the

proposed control strategy with different API systems having more problematical mechanisms

such as agglomeration and polymorphism.
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Abstract

In this work, a scale-up model of a pharmaceutical batch cooling crystallization process
was developed. The model is based on a compartmentalization approach of a large-scale
crystallizer. The compartmental properties (e.g. volume, location and flux connections)
were extracted by using two different, manual and automatic zoning, strategies. Each
compartmentalization technique is based on a mixing study in the large-scale reactor with
the help of computational fluid dynamics (CFD). The scale-up model was simulated in
MATLAB/Simulink environment. The simulation results show the significant role of the
fluid dynamics on the simulated process performance in terms of crystal size distribution and
final average crystal diameter by means of comparing the multi-compartment model with a
single-compartment well-mixed model.

Keywords: Scale-up modeling, pharmaceutical crystallization, compartmental modelling,
computational fluid dynamics.

1. Introduction

Prediction of the influence of the crystallizer scale on the process behavior and per-
formance (e.g. crystal quality attributes) is one of the major challenges in the design of
industrial crystallization processes. Fluid dynamic conditions of large-scale crystallizers are
far from well-mixed behavior compared to lab scale systems. This leads to spatial variations
of critical process variables such as temperature, super-saturation, particle concentration
within crystallizer geometry (Kramer et al., 1999). Crystallization process models based
on the assumption of well-mixed behavior are not representative for a scaled-up process,
therefore not credible for the use in supporting optimal design of industrial crystallizers. A
more detailed insight into mixing behavior and its consequences for local crystallization
phenomena – such as a spatially distributed parameter model - must be taken into account
in order to achieve reliable process design and scale-up (Kramer et al., 2000, Myerson,
2002). The main objective of this work is to develop a predictive scale-up model of a
pharmaceutical crystallization process based on a compartmentalization approach. Fully
developed computational fluid dynamics (CFD) models (e.g. including the crystallization
kinetics, population balance etc.) could be used for modeling the large-scale system, as
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opposed to compartmental modeling. However, the major drawback of the full CFD models
in the industrial practice is the high computational demand. In comparison, 3 min. transient
CFD simulation of a non-reactive mixing in a reactor with 218 L liquid volume and 100 rpm
stirrer speed took about 6 days to be completed on a computer cluster with 2x Intel Xeon 2.80
GHz processor with 128 GB RAM. Further implementation of the crystallization kinetics
and population balance equation (PBE) into CFD simulation will increase this computational
demand from days to weeks. On the other hand, a compartmental model simulation of the
same system including crystallization kinetics and PBE for a 50 min. of crystallization,
which was run in MATLAB/Simulink on computer with Intel Core i5-6200U 2.30 GHz
processor with 8 GB RAM, took 10 min. to be completed. Compartmental modeling is
a reduced-model approach, in which the detailed mixing and fluid dynamic information
obtained from non-reactive CFD simulation is coupled with the process kinetics in a simpler
simulation environment (Wells and Ray, 2005). Besides, this approach provides a unique
opportunity to take into account the effects of non-homogeneous mixing on the process
performance in many other applications as well e.g. process control and sensitivity analysis.
While compartmental modeling is a well-known and successfully applied technique in other
areas of process engineering, there is a significant lack of study on the full application of a
compartmental modeling to scaling-up of a pharmaceutical crystallization processes.

2. Development of the Scale-up Model

2.1. Crystallizer Configuration

A pilot scale crystallizer as shown in Figure 1 was used for the development of the
scale-up model. The diameter of the vessel, T is 0.64 m and the liquid height, H is 0.74 m,
corresponding to a liquid volume of 218 L. A marine type of impeller with impeller diameter,
D 0.30 m is located 0.27 m above the bottom of the vessel (impeller clearance, C). Four
baffles are located with 9 mm clearance from the vessel wall.
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Figure 1: Pilot scale crystallizer.

2.2. CFD Simulation

Transient CFD simulations of the crystallizer were performed with ANSYS CFX release
17.1. The representative Navier-Stokes equations were solved to predict fluid dynamics
behavior in a single-phase volume. The standard k-ε model was used as the turbulence
model. Rotation speed, N was 100 rpm that creates a turbulent flow within the studied
volume. The crystallizer vessel was divided into two domains: a rotating zone (rotating
domain) and a stationary zone (stationary domain), which correspond to a cylindrical zone
around impeller rotating at the impeller speed and a zone covering the rest of the crystallizer,
respectively. The rotation of impeller was modelled with frozen rotor approach as frame
change/mixing model between the intersections of two domains. The stationary domain
consists of hexahedron mesh of 1,037,970 elements, while the rotating domain consists of
tetrahedron mesh with total 118,895 elements. The time step used in the simulations was
equal to 0.001 s. When the velocity field was fully developed, or in other terms, the steady
state behavior of the velocity components was observed, the simulation was stopped and
transient-average value of the flow velocity components was recorded.

2.3. Compartmentalization

Application of compartmental modelling to pharmaceutical batch cooling crystallization
requires the division of the crystallizer into a finite number of compartmental volumes.
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Minimized or negligible gradients e.g. in temperature, crystal distribution, super-saturation
and energy dissipation should exist within individual compartmental volumes. However, the
fundamental challenge is to characterize the network of compartments with respect to volume,
location, mass and energy fluxes between adjacent zones as well as the affected properties due
to non-ideal fluid mixing (Kramer et al., 1999, Bezzo and Macchietto, 2004). To determine
the compartmental zones within the volume of pilot-scale crystallizer equipment, primarily
the fluid dynamics, mixing and heat transfer were studied by means of CFD simulations.
The results of CFD simulations can be processed through a manual or automatic zoning
technique in order to identify the compartments (Delafosse et al., 2010). Manual zoning is
a user-dependent method and it can be troublesome and time-consuming especially when
handling the complex 3D structures. On the other hand, automatic zoning technique is
computationally inexpensive, reliable and practical for 3D geometries (Bezzo et al., 2004,
Bezzo and Macchietto, 2004). In the automatic zoning technique, one or several property of
the system can be selected as a base criterion for creating the compartments. A tolerance
value for this specific property should be specified. The compartments are built-up by the
agglomeration of the cells, in which the value of the specific property of the system is uniform
with respect to the given tolerance (Delafosse et al., 2010). In this work, both manual and
automatic zoning techniques were utilized to analyze results of CFD simulations. In both
zoning approaches, three components of the average flow velocity in 3D space were chosen
as base criterion, since the mixing in the system significantly is linked to the velocity fields.
The compartmental volumes, location and flux connections were extracted from data analysis
to define the interconnected compartment network.

2.4. Crystallization Process Simulation

Seeded-batch cooling crystallization of paracetamol from ethanol (solvent) is chosen as
a case study in this work. Related solubility and kinetic data can be found in the literature
(Fernandes, 1999, Mitchell, 2012). In the model, a linear cooling rate of 0.4 oC/min is applied
to the initial solution, which has an initial concentration of 0.26 kg paracetamol / kg ethanol
and an initial temperature of 40 oC, for 50 min. The overview of the model is shown in Figure
2. Even though the process is in batch mode, every individual compartments are in continuous
mode with multiple inlet and outlet streams. Therefore, the batch process model was
extended to continuous crystallizer model for the compartments. The crystallization process
modeling based on compartmentalization approach is implemented in MATLAB/Simulink.
The same set of model equations and model parameters are defined in order to solve the
conservation balance equations for crystallization process system (population, mass, etc.)
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for every compartment. However, spatial variations in the crystallizer volume are modelled
by temperature gradients between compartments.

Figure 2: Batch cooling crystallization model (Adapted from Giuletti et al., 2001).

3. Results and Discussion

3.1. CFD Simulation and Compartmentalization

CFD simulations were performed to study primarily the fluid dynamic behavior in the
large-scale crystallizer as mentioned previously in Section 2.1 and 2.2. Besides, heat transfer
from a cooling jacket to the liquid in the vessel was also implemented in order to monitor
the temperature gradients in the system. The overall flow pattern was extracted in order to
be used as a base criterion for creation of the compartments. Total six compartments were
detected by manual zoning technique, which is shown in Figure 3. On the other hand, an
automatic zoning algorithm was developed in MATLAB environment to analyze the results
of the CFD simulations. The network of compartments were identified by accepting the
tolerance limit of 0.3 m/s in axial and 0.15 m/s in radial flow vector, at each compartment.
The achieved compartmental map with respect to each individual target parameters, radial
and axial flow, is illustrated in Figure 4. The results of compartmentalization techniques
were used as input in the simulation of scale-up model of pharmaceutical crystallization
process in the next section 3.2.
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Figure 3: Characterization of compartmental zone network via the manual zoning.

Figure 4: Characterization of the compartmental zone network via the auto zoning with 0.3 m/s
tolerance of flow velocity: (left) axial direction, (right) radial direction.

3.2. Simulation of the Scale-up Model of Pharmaceutical Crystallization
Process

The performance of the pharmaceutical batch cooling crystallization process was analyzed
in terms of crystal growth rate, crystal size distribution and final average crystal size. The
multi-compartment model was compared with a single-compartment well-mixed model to
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examine the influence of the mixing and corresponding temperature gradients on the process
performance. CFD simulations showed that there is a difference in average temperature
over time between different locations in the crystallizer vessel, so called in the different
compartments. Hence, crystals are subjected to different growth and nucleation rates in
different compartments. This leads to wider final crystal size distribution and less growth
(as illustrated in Figure 5) with a final average crystal diameter of 113 µm compared to the
single-compartment model (final average crystal diameter is 135 µm).

4. Conclusions

A scale-up model of pharmaceutical batch cooling crystallization process was developed
based on the compartmentalization approach. Fluid dynamics, mixing and heat transfer in the
large scale system were studied by means of CFD simulations. Based on CFD simulations
results, compartmental zones in the crystallizer vessel were determined via using both
manual zoning and automatic zoning techniques. The simulated process performance in
multi compartment model was compared with the single compartment well-mixed model. In
this study, it was clearly observed that fluid dynamics and mixing have a significant impact
on the final crystal size distribution as well as final average crystal diameter. It plays an
important role in scale-up systems and, therefore, it should be taken into account in the
modeling large systems. Moreover, future work will focus on the experimental validation
of the results in lab and pilot scale studies as well as compartmental model-based control
and monitoring for improved process control of quality attributes.

Figure 5: Final crystal size distribution (left) and crystal growth rate (right).
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Abstract

In this work, a model of a 218 L scale pharmaceutical antisolvent crystallization process
was developed. The model is based on a hybrid method of computational fluid dynamics
(CFD) and compartmental modeling. In the model, the mixing behaviour of the bulk fluid at
two different impeller speeds was obtained from CFD simulations. The compartmental
map of the crystallizer was extracted from CFD results based on a hypothesis driven
compartmentalization approach. A novel dynamic compartment model was developed
to capture the fluid dynamics during the feeding of the antisolvent into the crystallizer and
implemented in MATLAB/Simulink environment. Developed model takes into account
the changes in compartmental volume, solvent concentrations and density and it assumes
a dynamic flow between compartments during the filling. Dynamic compartment model
can be also applied in other areas of modeling practices in chemical engineering instead of
steady-state compartment models such as fed batch fermentation.

Keywords: Pharmaceutical crystallization, dynamic compartmental modeling, scale-up,
computational fluid dynamics (CFD)

1. Introduction

The performance of crystallization process changes significantly dependent on the
scale. Upon scale-up, the influence of the fluid dynamics and mixing on the process
kinetics becomes important and variations in the crystal size distribution (CSD), purity
and morphology often occur and that impacts the product quality and the performance of
further downstream processes (Wei, 2010). Several experimental studies on the antisolvent
crystallization system demonstrated the strong dependency of obtained CSD on the operation
conditions such as crystallizer scale, impeller speed (mixing intensity), antisolvent addition
rate and mode of addition such as direct or reverse. Often variations in these operating
conditions directly effects the mixing of the solvent with antisolvent, so called the composition
of the solvent mixtures (Woo et al., 2006). Homogeneous mixing in a short time is difficult to
achieve in the large-scale crystallizer by making no concessions to the cost of the operation
or product stability e.g. high impeller speed to promote mixing increases power input and
leads to crystal attrition. When the mixing is inhomogeneous, it leads to local variations of
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important process variables such as solute and antisolvent concentration, supersaturation,
particle concentration in the large scale geometry (Woo et al., 2006, Green, 2002). Since the
crystallization kinetics such as nucleation and growth are strongly influenced by those process
variables, the crystallization occurs at different kinetic rates in the vessel depending on the
local variation profile. Many published studies that focused on aiding the optimization and
control of crystallization processes are based on a well-mixed assumption (Nagy et al., 2008).
Even though an optimum operation condition is determined after several experiments at
well-mixed laboratory scale, this might not be valid for the scaled-up system, since the mixing
behaviour and related local variation can be significantly different. Therefore, understanding
and predicting the mixing behaviour in the large scale crystallizers is an effective strategy and
crucial for the improvement of the process performance. Fluid dynamics of the large scale and
related limitations of the chemical system should be always taken into account in tandem with
the interactions of thermodynamics and kinetics between solute-solvent system in modeling
of large-scale crystallizers, in order to support reliable design, optimization and control.

This study presents an approach to develop a predictive model for an antisolvent crys-
tallization process scale-up of an active pharmaceutical ingredient (API) that is based on a
hybrid method of computational fluid dynamics (CFD) and dynamic compartment modeling.
Reliable and detailed mixing information of the fluid system obtained from non-reactive
CFD simulations is used as a guidance to build up compartments. The mixing dynamics of
the antisolvent addition into the solution is modelled with a dynamic compartment model
in which the volumes of the compartments and fluxes in-between changes over time. The
compartmental model, where crystallization kinetics are coupled with fluid dynamics, is
implemented in MATLAB/Simulink. While compartmental modeling is a well applied
technique in many areas of modeling practices in chemical engineering, there is no known
application on the pharmaceutical antisolvent crystallization process. Besides, developed
compartmental models in the literature always assume the volume of the compartments as
constant, which is not the reality during addition of a second liquid into the solution as
in the antisolvent crystallization. Therefore, this work presents also a pioneer approach
for the dynamic compartmentalization method based on author’s knowledge. Additionally,
developed model can be applied to other processes where the volume changes can not be
ignored e.g. fed batch fermentation. 2.Hybrid Model Development 2.1.Crystallizer geometry
A 218 L crystallizer vessel from a previous work was used for the model development of the
large scale antisolvent crystallization system. The vessel has 0.640 m of internal diameter
and 0.740 m height. A three-blade marine type impeller of 0.300 m diameter is placed in
the vessel with a 0.270 m clearance from the vessel bottom. The diameter of the impeller
shaft is 0.040 m. Four baffles are located with 0.009 m distance from the vessel wall (Öner
et al., 2018). The initial liquid height in the crystallizer before antisolvent addition is 0.455
m, which equals to 126.1 L of the liquid volume.
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2. Hybrid Model Development

2.1. Crystallizer Geometry

A 218 L crystallizer vessel from a previous work was used for the model development
of the large scale antisolvent crystallization system. The vessel has 0.640 m of internal
diameter and 0.740 m height. A three-blade marine type impeller of 0.300 m diameter is
placed in the vessel with a 0.270 m clearance from the vessel bottom. The diameter of the
impeller shaft is 0.040 m. Four baffles are located with 0.009 m distance from the vessel wall
(Öner et al., 2018). The initial liquid height in the crystallizer before antisolvent addition
is 0.455 m, which equals to 126.1 L of the liquid volume.

2.2. Mixing Characterization via CFD Simulations

The mixing behaviour of the single-phase liquid in the crystallizer was predicted by
solving the representative Navier-Stokes equations through transient CFD simulations
performed with a commercial CFD software ANSYS CFX release 17.1. A turbulent fluid
flow in the crystallizer was created by the impeller rotation at a speed of 40 rpm and 100 rpm.
The standard k-ε turbulence model was used. The crystallizer volume was divided into two
domains: a rotating domain and a stationary domain. The rotating domain is a cylindrical
zone with 0.330 m diameter and 0.100 m height that contains the impeller and rotates at
the impeller speed. The stationary domain contains the remaining zone. The frozen rotor
approach was chosen to model the rotation of the impeller in terms of frame change model
between the intersections of the two domains. The rotating and the stationary domains were
discretized into 118,895 elements of tetrahedron mesh and 1,037,970 elements of hexahedron
mesh, respectively (Öner et al., 2018). Several monitor points at different locations in
the crystallizer were placed to monitor the time evolution of the fluid velocity. When the
fluid velocity remained constant at all these monitor points (reached the steady state), the
simulation was ended and the transient average value of the flow velocity components was
used in further compartmentalization procedure.

2.3. Compartmentalization

The aim of the compartmentalization approach is to describe the imperfect mixing by
defining the large scale fluid system as a network of finite-number interconnected ideally-
mixed sub-volumes that contain no or negligible gradients (Wells and Ray, 2006, Nauha
et al., 2018). The compartmental zones can be decided based on several criteria such as
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flow pattern, gradients of temperature and concentration, solid distribution or local energy
dissipation (Kougoulos et al., 2006). In the last decade, CFD has been immensely utilized as
a standard tool to study the mixing behaviour and its limitations on the chemical systems
in detail. A coarser mesh of CFD cells can be created through compartmental models that
facilitates the prediction of fluid dynamics and can be coupled with complex reaction kinetics
in a simplified simulation environment in a computational cost efficient manner (Nauha et al.,
2018, Nørregaard et al., 2018). The compartmental zones can be identified by processing
the fluid dynamics information obtained from CFD simulations using a manual or automatic
zoning technique (Bezzo and Macchietto, 2004). In this work, the mixing behavior in the
crystallizer volume was firstly predicted by means of CFD simulations. The compartmental
zones were identified based on a novel hypothesis-driven compartmental model approach
that includes the analyzing of axial and radial bulk flow velocities at different locations in the
crystallizer. The boundaries of the compartments were defined at the locations, where there is
a change in the flow direction in radial and axial components of the velocity. A unidirectional
flow was considered for each surface of compartments (Nørregaard et al., 2018).

2.4. Modeling and Simulation of Antisolvent Crystallization Process

Antisolvent crystallization of acetylsalicylic acid (aspirin) from ethanol (solvent) and
water (antisolvent) was chosen as a case study. Previously published solubility and kinetic
data in the literature were used (Lindenberg et al., 2009). The initial solution in the crystallizer
has a volume of 126.1 L and contains the weight fraction of 0.25 w/w water and 0.75 w/w
ethanol at 35 oC. The initial supersaturation was 1.05. After addition of the seed, the
crystallization started with feeding the antisolvent, water into the solution at a rate of
2.3·10-5 m3/s for 4000 s. When the antisolvent addition is completed, the final volume
in the crystallizer is 218 L and contains 0.60 w/w water. The density change of the liquid
mixture upon addition of the antisolvent was also taken into account and dynamically
calculated during the simulation.

3. Results and Discussion

3.1. Mixing Simulation via CFD and Compartmentalization

The mixing characteristics of 218 L liquid flow at two different impeller speeds of 40
rpm and 100 rpm were studied with CFD simulations and is shown in Figure 1 (right).
The obtained results show that there is much higher liquid flow circulation around the



Paper B 121

impeller region and the bottom of the vessel compared to top region in the vessel. After
analyzing the three components of the bulk flow velocities at different locations in the
vessel, total six compartments were detected and the compartmental map is illustrated in
Figure 1 (left). The volume of each compartments (at t = t f inal) and the volumetric flow
rate between compartments (at t = t f inal) are listed in Table 1. It should be noted that at the
beginning of the antisolvent crystallization, while compartment 5 and 6 were completely
full, compartment 3 and 4 were empty, and compartment 1 and 2 contained some amount of
liquid. As the antisolvent was added to the vessel, firstly the empty volumes were filled in
time. During the filling. It was assumed that the volumetric flow rate between compartment
1 and compartment 2 was constant until the compartments were full with liquid, then it
started to increase dynamically up to final volumetric flow rate, during the filling of the
compartment 3 and compartment 4, since additional flow, Q4→1(t) entered to the system.
The volumetric flow rates between empty compartments were activated after the volume of
the compartments below was full. The volumetric flow rate between compartment 3 and 4,
Q3→4(t) as well as between compartment 2 and 3, Q2→3(t) was also increased dynamically
as filling of top zones started. These fluid data were used as input in the compartmental
modeling of the antisolvent crystallization in the next section.

Table 1: Volumetric flow rates between compartments and the volume of the compartments.

Impeller Volumetric Flow Rate [m3/s]

speed Q1→2 Q2→3 Q3→4 Q4→1 Q2→5 Q5→6 Q6→1

40 rpm
t = t0 0.0101 0 0 0 0.0101 0.0101 0.0101

t = t f inal 0.0127 0.0026 0.0026 0.0026 0.0101 0.0101 0.0101

100 rpm
t = t0 0.0326 0 0 0 0.0326 0.0326 0.0326

t = t f inal 0.0400 0.0074 0.0074 0.0074 0.0326 0.0326 0.0326

Volume [m3]

Time C1 C2 C3 C4 C5 C6

t = t0 0.0351 0.0270 0 0 0.0200 0.0440

t = t f ull 0.0560 0.0430 0.0240 0.0310 0.0200 0.0440

3.2. Compartmental Model Simulation

Antisolvent crystallization kinetics coupled with the fluid dynamics was simulated
by means of compartmental modeling. The dynamics of the compartment volumes and
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accumulated antisolvent amounts in each compartment during the addition of antisolvent
into the crystallizer at an impeller speed of 40 rpm are illustrated in Fig. 2 (top). During
the antisolvent addition, it was assumed that antisolvent feed was entered from top of the
vessel into both compartment 1 and compartment 2 with a volumetric flow rate proportional
to their volumes, since the compartments are open volume systems and added liquid will
increase the the liquid height at the same amount.

When these compartments were filled, the antisolvent was fed into the top compartments
of 3 and 4. However, the filling of compartment 3 and 4 introduced the new flow from
compartment 4 into 1, and increased flow ware between the compartment 1 and 2 that
explains the increasing mass of antisolvent as illustrated in the Fig. 2 (top). Local variations
of the antisolvent fraction shown in Fig. 2 (bottom) affect locally the crystallization growth
and nucleation kinetics due to the differences in the supersaturation profiles.

Figure 1: Flow velocity and the mixing behavior at different impeller speed (left) and compartmental
map (right).

4. Conclusions

A model of a large scale pharmaceutical antisolvent crystallization process was developed
based on a hybrid approach of computational fluid dynamics and compartmental modeling.
Fluid dynamics of bulk fluid mixing at two different impeller speeds were studied via
CFD simulations. Compartmental zones were determined based on the flow velocities
obtained from CFD simulation through a hypothesis driven compartmentalization approach.
A dynamic model was incorporated for predicting the volume changes of the compartments
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and dynamic exchange flows in-between. The crystallization of aspirin from ethanol (solvent)
and water (antisolvent) was simulated for each compartment that interchanges liquid flows
and related properties such as density, solvent/antisolvent weight fraction as well as particles.
Future work will focus on the refinement of the compartmental map in two ways. First,
analyzing the third component of flow velocity in circumferential direction will enable
the addition of the antisolvent from a more specific feed point. Second, CFD simulations
with different bulk fluid volumes will be performed in order to study the fluid dynamics of
antisolvent addition and evolution of the compartmental map in more detail.

Figure 2: Compartment volumes (top-left), accumulated antisolvent amounts (top-right) and solvent
fractions (bottom) during addition of antisolvent into the crystallizer.
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Abstract

Using solubility and kinetic data from the literature, an in silico tool for predicting crystal
size distribution (CSD) in a model API system is presented, and challenged at 50 L scale.
Concentration of the solute in the liquid phase was tracked, and final CSD was quantified
using three measurement techniques. At the lowest agitation speeds, settling of the solids
caused a deviation from the model prediction. However, the remaining experiments were
comparable to the predictions, especially when paying more than the usual attention to the
method for measuring the CSD, i.e. when the measured CSD is a function of the analytical
technique, caution is advised in challenging any model prediction. This promising study
shows, that as long as suspension of the growing crystals is maintained, that the modelling
approach is valid and should be of interest to those participating in scale up, scale down, or
tech transfer of crystallization processes used in API production.

Keywords: Pharmaceutical crystallization; validation; scale-up; uncertainty and sen-
sitivity analysis; in silico modeling; pilot scale

1. Introduction

Crystallization remains to be the most applied separation and purification technique during
the recovery of solids from solutions in pharmaceutical industries. Design of operating
conditions of a crystallization process plays a crucial role, since properties of a crystal
product such as purity, morphology, size distribution and polymorphic form is determined
by operation conditions. Besides, performance of downstream processes following the
crystallization step as well as efficacy of a drug formulation is strictly affected by these
product properties [1, 2]. Conventional pharmaceutical manufacturing has been following
recipe-based strategies to operate a crystallization process in accordance with specifications
submitted for regulatory procedures. The crystal product quality has been assured by testing
at the end of the process so called quality-by-testing (QbT). This traditional approach has
achieved delivering quality product, but also often led to profit loss due to failed batches tested
only at the end of the process [2–4]. Moreover, recipe-based approaches also require priorly
a high number of experiments and considerable resources in order to determine a robust
envelope for a crystallization operation that is also reliable during scale-up [5]. Meanwhile,
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the necessity of more efficient process development and manufacturing in pharmaceutical
industries has emerged due to challenges of competition with generic market by the patent
expiration of the drugs, increasing cost of R&D, awareness towards greener products and
processes, changing mindset of industries as well as regulatory incentives [6].

In academia, extensive efforts on the improvement of the crystallization process un-
derstanding, modeling and development of advanced process control strategies have been
made [7–12]. The progress on the population balance models has given more insight into
the effects of the major process phenomenon on the quality of crystal product. Besides,
the introduction of process analytical technology (PAT) tools and incentives by regulatory
authorities have promoted the research and development in the crystallization monitoring
and control directing the critical crystal product quality attributes towards improvements.
However, the pharmaceutical industries have rarely reported integration and utilization of
developed technologies into their course of manufacturing and mindset of crystallization
process development starting from laboratory to production scale [1, 3]. One of the main
reasons is the absence of satisfying studies on the independent validation of the developed
tools at large scale crystallization processes.

Therefore, in this work, a study of an independent validation of an in silico tool for the
pharmaceutical crystallization process development was presented. The motivation was to
test independently whether the model based approach works so that they are capable of
predicting the process trends. If so they are useful for the acceleration of crystallization
process development and scale-up studies especially in the pharmaceutical industries. Often
in the literature, crystallization kinetic models were developed by doing several experiments
first, and then fitting a model into the data. Afterwards, the validity of the developed
models were tested against another experimental data by the same research group and
using the same experimental set-up. An affirmative/confirming outcome was obtained as
expected. However, whether these models are also valid independent from research group
and experimental facility is still doubtful. Therefore, in this work we put emphasis on the
term "independent". To this end, crystallization process simulations were performed first,
then a physical experiments were performed to verify "independently" the model prediction
ability. Accordingly, the crystallization kinetic models taken from the literature, were used
directly without any modification or parameter fitting, were simulated and afterwards the
simulation results are compared with data that was obtained from crystallization experiments
at a 50 L pilot scale. Herein, four different cases were tested to understand strengths as
well as pitfalls of the models. The differences between the reported kinetic data of the
same compound were also taken into account in the modeling by means of Monte Carlo
simulations. Three different measurement techniques namely laser diffraction, focused beam



Paper C 131

reflectance measurement (FBRM) and microscopy based image analysis were used in order to

quantify the crystal size distribution (CSD) or a footprint of CSD, and also to understand the

feasibility of the available CSD measurement tools during the modeling. Based on author’s

knowledge, this study is a pioneering work with its independent pilot scale application on a

pharmaceutical crystallization process that aims to build trust on model based approaches

and encourages pharmaceutical industries to invest on as well as change the mindset towards

the development and implementation of in silico tools.

2. Materials and Methods

2.1 In Silico Tool Framework

The framework of in silico tool for the crystallization model development is shown in

Fig. 1. In the framework, solubility and crystallization kinetic equations are main inputs

of the kinetic model that includes mass, energy and population balances. Parameters of

solubility and crystallization kinetic equations are considered together with their reported

uncertainty range (95 % confidence interval of estimated parameters) and if available

correlation information as well. Total 400 Monte Carlo simulations of crystallization kinetic

model are performed to obtain all the possible model prediction variabilities or uncertainties

due to propagated input parameter uncertainties. CSD and solute concentration are selected as

the comparison criterion of the model output, since they are also experimentally quantifiable

information. Results obtained from model simulations are compared with experimental

data. If the experimental data confirms the simulation predictions, the model becomes

validated. Otherwise, mixing in the specific crystallizer (e.g. computational fluid dynamics

(CFD) and mixing modeling should be further studied in order to take mixing effect on

crystallization kinetics into consideration as well. While, momentum balance of a solvent

phase can be obtain from single phase CFD simulations, momentum balance of a solid phase

might require consideration of classification of solids in the crystallizer geometry as well.

A comprehensive tool includes coupling of crystallization kinetic modeling with mixing

modeling based on compartmental modeling approach. Validated model can be used for

exploration of process operation space, uncertainty and sensitivity analysis, process risk

assessment and development and testing of different process control strategies.
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Figure 1: Framework of in silico tool.
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2.2 Crystallization Modeling and Monte Carlo Simulations

A population balance equation combined with mass and energy balance equations was
used for the modeling of crystallization process. Method of classes was applied to solve
the population balance equation [13–16]. Only nucleation and growth were considered as
dominant mechanisms during the crystallization. As a case study, batch cooling crystallization
of paracetamol from ethanol solvent was simulated using the modeling tool implemented
in MATLAB/Simulink. The solubility of paracetamol in ethanol was measured at different
temperatures in literature [17–19]. The solubility expression developed by Fernandes (1999)
[17] was used in this work and shown in Table 1. Kinetic expressions regarding nucleation and
growth mechanisms of paracetamol-ethanol system were adopted from previous studies [19–
22] and also shown in Table 1. Uncertainties in model input parameters were also considered
in the process model by means of Monte Carlo (MC) based uncertainty propagation approach
that includes the following steps [23]:

• Step 1. Definition of input uncertainty: Parameters of crystal nucleation and growth,
solubility and volume shape factor were considered as sources of uncertainty in the
model. Reported 95 % confidence interval of the nucleation and growth parameters
was regarded as the uncertainty range. In the work of Fernandes (1999), temperature
range for solubility measurements was between 35 and 10 oC and standard deviation of
measured solubility was reported instead of confidence interval of estimated solubility
parameters. Therefore, 95 % confidence interval of predicted solubility was calculated
assuming a sample number of 6. Another source of uncertainty in the model was
volume shape factor, kv that was used in the calculation of crystal volumes in each in
each size classes and solute mass balance. Uncertainty range for kv was determined as
between 0.674 and 0.866, which are the reported values for paracetamol crystals [17,
24].

• Step 2. Sampling from input uncertainty space: In this step, random samples from
input space (uncertainty range) with pre-defined sampling number, N of 200 were
created with an appropriate sampling technique (e.g. Latin Hypercube Sampling
(LHS)). In the work of Mitchell (2012) [22], no information regarding correlation
between estimated parameters was reported, while in the work of Meisler (2014) [25],
a correlation matrix between estimated nucleation and growth parameters was given.
Therefore, two different sets of sampling matrices were formed. In the first sampling
set, using the parameters reported by Mitchell (2012) a sampling matrix based on LHS
technique were created [26]. In the second set, using parameter values and correlation
matrix reported by Meisler (2014), second sampling matrix were created, in which
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the correlation between parameters was taken in account [27]. The plot of generated
sampling matrices can be found in Supplementary Material.

• Step 3. Performing Monte Carlo simulations: Total 2xN model simulations with 2 sets
of N input space samples created in the previous step, were performed [23].

Table 1: Literature data on the solubility and kinetics of paracetamol crystallization from ethanol and
parameter values with 95 % confidence interval.

Name / Expression Parameters Source
Solubility C1 C2

S =C1 · exp(C2 ·T ) 2.955 ·10−4 2.179 ·10−2 Fernandes (1999) [17]a

Nucleation kn nPrim

BPrim = kn · (∆c)nPrim (1.597±0.211) ·1010 2.276±0.057 Mitchell (2012) [22]

(8.521±2.328) ·107 1.451±0.041 Meisler (2014) [25]b

BSec = Kn · (∆c)nSec ·
∫ Lmax

Lmin
n(L) ·L2dL Kn nSec

(2.656±0.102) ·107 2.232±0.086 Mitchell (2012)[22]

(2.590±0.595) ·108 3.320±0.089 Meisler (2014) [25]b

Growth kg g Ea

G = kg · exp
(
− Ea

R·T
)
· (∆c)g 21.000±n.a. 1.900±n.a. 41.60±n.a. Worlitschek (2003) [19]

9.979±0.41 1.602±0.03 40.56±0.04 Mitchell (2012) [22]

16.555±0.83 1.760±0.010 40.40±0.12 Meisler (2014) [25]b

aStandard deviation of measured solubility data was reported as 5.6 ·10
−4 kg/kg. 95 % confidence interval

of predicted solubility, S was calculated as ±0.0006 kg/kg.
bRe-estimation of parameters based on created simulation data was reported.

2.3 Sensitivity Analysis for Design of Validation Experiments

The prediction performance of the developed tool was tested through independent
experiments at pilot scale. Traditional approaches for the design of experiments demand
high number of experiments, time and resources that were not practical in pilot scale
applications. Thereof, we aimed also to use mechanistic models and the developed tool in
order to investigate the relation between different operational design variables and process
performance, and eventually come up with fewer and more targeted experiments. Herein, we
performed a sensitivity analysis to determine which operational parameter to alternate in the
experiments by quantifying the sensitivity of selected process output to the variations in the
operational design parameters. Cooling time, cooling profile, seed mass, seed size fraction
(including mean and standard deviation) were the operational variables that were selected,
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while yield and nucleation rates were defined as process performance output. Two sensitivity
analysis techniques of Morris screening [28–30] and Polynomial Chaos Expansions (PCE)
based Sobol’s indices [31, 32] as a variance decomposition model were employed.

2.4 Experimental Procedure

2.4.1 Materials

Paracetamol (acetaminophen) and n-Hexane were bought from Merck Milipore. Ethanol
99.9 % was obtained from Univar A\S.

2.4.2 Apparatus

For the evaporation of the solvent, a Rotavapor R-210 from Büchi Labortechnik AG
with a heating bath B-491 and vacuum controller V-850 was used. For drying of the
samples overnight, a vacuum oven VACUTHERM form Thermo Fisher Scientific was used
(40 oC). For the crystal size measurements based on laser diffraction method, Beckmann
Coulter LS 13 320 Laser Diffraction Particle Size Analyzer with a dry powder system,
TORNADO was used. ParticleTrack G400 from Mettler Toledo was used for chord length
distribution based on FBRM measurement technique. Crystal size measurements based on
image analysis were performed using Particle Analyzer equipment (oCelloScope) applying
Standard Segmentation Algorithm version 0.4.14.161, which was kindly provided by the
company ParticleTech ApS in Farum, Denmark.

2.4.3 Crystallizer geometry

A crystallizer (Büchi AG, Switzerland) equipped with a curved 3-blade turbine and two
baffles shown in Fig. 2 was used. The baffle with 3-wings has a temperature sensor, Pt100
at the bottom. The ethanol volume in the crystallizer was 50 L, which was increased to
about 62 L after addition of 10.8 kg paracetamol, corresponding to the solution height of
535 mm. The impeller was operated at two different rotation speeds of 50 rpm and 150
rpm that creates turbulent flow in the crystallizer, having a Reynolds number of 40288
and 120860, respectively.

2.4.4 Seed preparation

Paracetamol seeds were prepared by sieving the bought product. Sieved paracetamol
below 300 µm were used as seed material.
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Figure 2: Geometry of the pilot scale crystallizer.

2.4.5 Crystallization experiments

Sensitivity analysis was performed in order to identify the experimental conditions in
a few numbered but more targeted way. The purpose of sensitivity analysis was to study
which design parameter has the most effect on the output of interest, therefore to obtain a
parameter importance ranking. Once, the most influential parameter pair was obtained, the
experiments were design to alternate those parameters. Cooling time, cooling profile, seed
mass, seed size fraction (mean and standard deviation) were selected as design parameters.
Yield and nucleation rate were selected as output performance criteria, since yield was desired
to be higher and nucleation was desired to be avoided. It is important to emphasize here
that, the purpose of these experiments was to test the prediction ability of the developed
model, rather than to optimize the process. Detailed information about design space of
the parameters and calculated sensitivity indices can be found in Supplementary Material.
Sensitivity analysis resulted in cooling time, seed mass and cooling profile as the most
important design parameters. Slight changes in the ranking of the parameters was obtained
due to dependency on the output of interest and sensitivity analysis method. As consequence,
seed mass, cooling time were chosen to be varied under the guidance of sensitivity analysis
results. Besides, impeller speed was defined as third variable, since the mixing behaviour
and its effects on the process are often concern speciality in large scale systems.

Crystallization of paracetamol from ethanol was conducted at four different experimental
conditions that are listed in Table 2. At the beginning of each experiments, initial supersatura-
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tion of 1.01 at 40 oC was aimed. For this purpose, in the first experiment, EXP P01, 10.8 kg of
paracetamol was dissolved in 39.5 kg of ethanol (50 L) and heated up to 50 oC for complete
dissolution. After 30 minutes, the solution was cooled down slowly to 40 oC. The experiments
were started when the seed material was added to the crystallizer and the jacket cooling
was activated. During the experiments, several samples were taken from the bottom of the
crystallizer for the measurement of the concentration gravimetrically. The taken samples
were firstly filtrated under vacuum to separate the solid crystals from the solution. 50 mL
of solution sample was weighted and ethanol solvent was evaporated in a rotary evaporator
operated between 150 - 98 mbar at 40 oC. Complete drying of the samples was ensured by
keeping the samples overnight in a vacuum oven. Dry samples of paracetamol were weighted
again to calculate the solution concentration in terms of kg paracetamol per kg ethanol. This
procedure was repeated two times for each samples. At the end of crystallization experiments,
an additional sample around 1 L was taken for the analysis of the final crystal size distribution.
To obtain the final crystals, the sample was vacuum filtered and washed two times using pure
ethanol at 20 oC with the solvent replacement method. Afterwards, the crystals were dried
overnight in the vacuum oven. Size distribution of the obtained paracetamol crystals was
measured using three different techniques that will be discussed in the following section.
Crystal size distribution analysis based on laser diffraction was made using dry method.
For the image analysis, crystals were put into n-hexane solution, which does not dissolve
paracetamol. For offline FBRM measurement, 5 g crystals were put into 100 mL distilled
water in a reactor and mixed with an impeller speed of 200 rpm and CSD was measured.

Table 2: Operating conditions of the experiments.

Parameter Exp P01 Exp P02 Exp P03 Exp P04
Initial concentration [kg/kg] 0.274 0.276 0.269 0.278

Seed mass [kg/kg] 0.001 0.001 0.01 0.01

Tinitial [oC] 40.0 40.0 40.0 40.0

Tend [oC] 20.0 20.0 20.0 20.0

Cooling time [min] 90 190 80 190

Impeller speed [rpm] 150 50 50 150

It is also important to mention that, after the first experiment was performed, the remaining
suspension was not disposed, but reused for the next experiment. For this purpose, at the
end of the experiment the suspension was reheated up to 50 oC to dissolve the crystallized
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paracetamol and another sample was taken for the measurement of the concentration. During
the experiments, all the volumes of taken samples were recorded as well. After calculation
of final solute concentration after dissolving, the required solid and liquid amounts were
calculated and calculated amounts were added into the crystallizer before the next experiment
in order to start with the same initial conditions.

2.4.6 Crystal size distribution measurement techniques

Crystal size distribution is one of the major quality attributes to specify a crystalline
material [33]. In industrial practice, CSD is often measured based on offline analysis e.g.
taken (dry) samples is quantified in laboratory. It is also known that determined particle
size distribution strongly depends on the measurement principle of the utilized measurement
technique. Also, the more the particle shape deviates from a sphere, the more the deviation
between quantified CSD in different techniques [34]. The most commonly used CSD
measurement techniques are laser diffraction, FBRM [35] and image analysis.

Laser diffraction technique is based on the principle of measuring forward scattering
(diffraction) of the light from the laser that is related to the projected area of the crystals.
While orientation of a spherical crystal does not influence the projected area in the laser
beam, this is not valid for non-spherical crystals. Assuming random orientation of the
non-spherical crystals in the laser beam, an average diameter over all the dimensions of the
crystal are quantified by the light scattering method. As a consequence, a tail in the volume
distribution appears as the shape of a crystal deviated from spherical [34]. Another aspect to
consider is that in the most common commercial laser diffraction equipments reconstructs the
size distribution from a diffraction pattern using a scatter matrix for spherical particles that
also causes much more deviations in calculated volume distribution especially for particles
shaving flakes or elongated shapes compared to particles in cubic shapes [36].

On the other hand, FBRM has been used by a large community as an online monitoring
and control tool. FBRM measures the backward light scattering using a focused beam of
laser light that scans along the full length of a particle passing probe window. As the laser
beam intersects the edge of a particle, back scattered beams are detected by a detector in
the same probe, and it produces a rise in signal in the circuit until laser beams reaches the
other edge of the particle. Since the chord length is calculated from the multiplication of
rise-time and tangential velocity of the rotating laser beam, so a straight line between two
edges of a particle, it is still complicated to establish direct correlation between measured
chord length and actual CSD and often a sensor model might be needed [35, 37]. Measured
chord length distribution is also dependent on the optical properties of a particle, which
caution must be given while measuring transparent particles.
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Image analysis method applies advanced algorithms on the images, which are taken by a
high-speed and high-resolution camera, to identify crystals and quantify the related sizes (e.g.
average feret) of the detected crystals. While image analysis can be used for dynamic online
systems and provide a fast track of changes in crystals, high number of images might be
required to processed in order to obtain a re presentable sample of the crystal population [35].

3. Results and Discussion

3.1 Seed

Particle size distribution of the seed material was calculated based on image analysis,
where over total seed 12000 particles were counted. An example of microscopy pictures
of the seed material and detected particles by image analysis algorithm can be seen in
Fig. 3. Image analysis algorithm gives the list of all the detected crystals with measured
mean feret diameters. Therefore, histogram of the size distribution was calculated assuming
a constant bin width of 4 µm. A beta distribution with the mean diameter of 38.7 µm
was obtained as shown in Fig. 3.

3.2 Monte Carlo Simulations and Comparison with Crystallization Ex-
periments

Fig. 4 shows simulation predictions of solute concentration profile and final crystal
size distribution. Uncertainties in model input parameters were propagated to model output
through Monte Carlo simulations and consequence of model prediction variability can be seen
in Fig. 4 as well. Gravimetrically measured experimental data of the solute concentration
during crystallization is also plotted for the purpose of comparison. At the end of experiments,
CSD of final crystal product was quantified using image analysis method. This method was
chosen as the comparison method, since the population balance is based on the principle
of conservation of particle numbers and therefore number based distribution obtained from
image analysis method can be directly used in the population balance. This is due to
the fact that a list of crystals with their mean size is obtained by image analysis, and
therefore crystals can be directly classified according to bins of crystal diameter yielding the
density of the number based distribution. On the other hand, converting volume distribution
obtained by laser diffraction or chord length distribution obtained from FBRM require
a sensor model that correlates the measured distributions to a number based crystal size
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distribution. An example of microscopy pictures and detected particles of image analysis
for Exp P01 can be seen in 45.

Figure 3: Microscopy pictures of seed material (top-left), detected particles by image analysis
algorithm (top-right) and calculated number based crystal size distribution (bottom) assuming a
constant bin width of 4 µm.

Simulation predictions show that in general the solute concentration consumption trend
during crystallization can be captured by the crystallization model. However, in all four
experiments, we have observed that de-supersaturation was faster especially at the beginning
of the experiment and the crystallization model underpredicted the rate of concentration
consumption initially. This might be due to the fact that nucleation kinetics are highly
uncertain and upon scale-up metastable limit for nucleation might have changed. Deviation
between prediction and experiments increases especially in the cases of fast cooling, where
supersaturation is higher throughout the experiment. In Exp P04 and Exp P03, at initial
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experimental sample points, gravimetrically measured solute concentration is below the
solubility curve, which is unreasonable. Here, we suspect some experimental measurement
errors on the samples taken especially at the beginning of the experiments, when temperature
of the solution was much higher than the room temperature. Because the solute in the
solution might have crystallized already during filtration of the samples as well as on
the wall of sampling tube.

Prediction of crystal size distribution was in good agreement with Exp P01, while very
similar trend was observed in Exp P04. It is important to mention here that during experiments
of Exp P02 and Exp P03, in which impeller speed was set as 50 rpm, the settlement of particles
was observed in the crystallizer. While choosing 50 rpm as impeller speed, one of the scale-
up rules, namely constant impeller tip speed between scales, was used. Observed particle
settlement in 50 rpm mixing intensity demonstrated also unreliability of this scale-up rule.
At the end of the these experiments, we increased impeller speed to 150 rpm to mix the
crystals homogeneously and take a representative sample from the crystallizer. However, the
settlement phenomena was not taken into account in modeling of the crystallization process
at this stage. This can be reason of underprediction of the growth of seed crystals in Exp P02
and Exp P03. We expect that the crystals which were settled, were subjected directly to much
colder exchanger surface. Therefore, they were subjected to much higher supersaturation that
affected the rate of crystallisation kinetics resulting in higher growth and compared to the the
crystals suspended inside the crystallizer and moving continuously as the impeller mixing.
In conclusion, in the absence of poor mixing the simulation results of the crystallization
model showed a well-agreement with the independent pilot scale experiments experimental
measurements. So, models can be used to guide to crystallization process development
and design when the homogeneous mixing is guaranteed. For a perfect fit between model
and experiments, still further experiments are still needed for specific systems. To have
a comprehensive precision in the predictions, the crystallization kinetic model should be
couple with solid and liquid phase momentum model e.g. compartmental modeling in order
to examine if there is a possibility of poor mixing and effects in the presence of poor mixing.
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(a) Exp P01 - Concentration (b) Exp P01 - CSD

(c) Exp P02 - Concentration (d) Exp P02 - CSD

(e) Exp P03 - Concentration (f) Exp P03 - CSD

(g) Exp P04 - Concentration (h) Exp P04 - CSD

Figure 4: Comparison of solute concentration profile and crystal size distribution.
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Figure 5: Microscopy pictures of the product from Exp P01 (top-left) and detected particles by image
analysis (top-right).

3.3 Crystal Size Distribution Measurements

Since this study concern with the modeling of the crystallization process by means of
population balance, image analysis technique was preferably used. Since, it doesn’t require an
additional sensor model (e.g. Chord length distribution (CLD) measured by FBRM requires
a sensor model to correlate CLD with CSD). However, other two most widely used methods
were additionally presented here as well with the main purpose of understanding differences
and their applicability, rather than making a direct comparison. An example measured crystal
population distribution of product from Exp P01 with three techniques is presented in Fig. 6.
Since different measure of population distribution are delivered based on these techniques
such as volume, chord count and number, a probability density was calculated by diving
the measurement data in each bin (or channel) to the sum of measurement data in all bins
(or channel). In the measurement of the products from all experiments, we have observed
also a tail especially in the larger crystal size area (> 400 µm), which can be due to the
deviation of the particle shape from a sphere as discussed in Section 2.3.6. Similar d50 values
of distribution were obtained in laser diffraction and image analysis methods as 194 µm
and 186 µm, respectively. However, width(span) of the distribution remains broader in the
laser diffraction method compared to volume based distribution calculated from conversion
of the image analysis method. A lower value of d50 as 121 µm was obtained by offline
FBRM measurement, while span of the distribution was in between laser diffraction and
image analysis technique. CSD comparison of remaining experiments and calculated d10,
d50 ,d90 and width of the distribution can be found in Supplementary Material. In general,
more deviations were observed in seed measurements compared to product measurement.
The reason behind this can be explained as the shape of seed material was much deviated
from a sphere compare to products such as in Fig. 3 and 5.
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Figure 6: Comparison of crystal size distribution measured with laser diffraction(top), FBRM (middle)
and image analysis (bottom) of product Exp P01.

4. Conclusions

An in silico tool for a pharmaceutical crystallization process was developed in this
work. The prediction ability of the tool was tested through independent experiments
performed in pilot scale.

In the tool development stage, a batch cooling crystallization model was developed
based on a population balance equation combined with mass and energy balance equations.
Reported solubility and kinetic data related to paracetamol crystallization from ethanol
solvent were taken from the literature. Uncertainty in the parameters were considered though
sampling from 95 % confidence interval’s of each parameters and accounted for using
Monte Carlo simulations. As a non-conventional way, sensitivity analysis was performed
in order to design the validation experiments, which was performed in pilot scale. The
purpose was to have fewer but more targeted experiments, since pilot scale applications
consume high energy, time and resources.

In the validation stage, four crystallization experiments with different conditions were
performed at 50 L pilot scale. In these experiments, seed amount, cooling time, and impeller
speed were varied as sensitivity analysis suggested. Solute concentration and final crystal
size distribution were used as a comparison criteria with crystallization model simulations.
In silico tool delivered comparable results. Especially, output of model simulations gave a
reasonable good agreement with two experiments in which no mixing problem observed.
However, particle settlement, of which the model did not take into account, was observed
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in the remaining two experiments and consequently model underestimated the growth of
the crystals. This promising study showed that the modeling approach is valid as long as
there is no mixing failures in the system and should be interest to those participating in
process development of pharmaceutical crystallization process (e.g. exploration of operation
design space, uncertainty and sensitivity analyses, process risk assessment and development
of process control strategies). The future objective of this work will be to implement
solid and liquid phase momentum balances into in silico tool in order to capture mixing
inhomogeneity and resulting effects.
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Nomenclature

Symbol Name Unit
B Nucleation rate [#/(m3s)]

C0 Initial concentration [kg/kg solvent]

CSat or S Saturation concentration or solubility [kg/kg solvent]

C1 First solubility coefficient [kg/kg solvent]

C2 Second solubility coefficient [K−1]

Ea Activation energy (growth) [kJ/kmol]

G Growth rate [m/s]

g Growth rate exponential [-]

kg Growth rate constant [m/s(m3/kmol)g]

kn Primary nucleation rate constant [#/minm3]nPrim ]

Kn Secondary nucleation rate constant [#/m2s]

N Sampling number [-]

nPrim Primary nucleation rate exponential [-]

nSec Secondary nucleation rate exponential [-]
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Abstract

This work presents an in silico tool that supports crystallization process development
and optimization studies by means of mechanistic modeling, uncertainty identification,
comprehensive sensitivity analysis and a quantified process risk assessment. Kinetic model
parameters and operation design parameters are considered as a source of uncertainty and
variation. Monte Carlo simulations are performed to propagate input uncertainty/variation
to model output in terms of process yield, mean crystal diameter and size distribution. To
quantify the individual effects and importance of these parameters, global sensitivity analysis
e.g. Morris Screening and variance-based decomposition, is performed. The process risk is
defined as failure to reach target product specifications and its consequences for the given
design space is quantified. This promising study shows, that global uncertainty and sensitivity
analysis coupled with the quantification of process risk assessment is a powerful tool and
should be of interest to those participating in effective and efficient crystallization process
development.

Keywords: Pharmaceutical crystallization; uncertainty analysis; global sensitivity anal-
ysis; process risk assessment; scale-up; compartmental modeling

1. Introduction

In the pharmaceutical industries, crystallization is a fundamental unit operation during the
separation and purification of intermediate compounds and active pharmaceutical ingredients
(APIs). Design and control of a crystallization process is a complicated task due to strict
requirements of intrinsic quality attributes of the crystal products [1]. In particular, crystal
size distribution (CSD), morphology, purity and solid-state form have a significant impact
on the physical and chemical properties of the drug substances such as dissolution rate,
solubility, bio-availability and drug efficacy. They also influence the performance of following
downstream processes such as filtration, drying and milling [2, 3]. For this reason, the
operation conditions of the crystallization process are of critical importance, since crystal
quality attributes are strongly affected and determined by the conditions, under which
the crystallizer is operated [2, 4].

Conventional pharmaceutical crystallization processes are based on a recipe-based
operation, in which a process variable follows a specific recipe that was submitted to
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regulatory authorities. Often there is a low-level control (such as temperature control)
to ensure the process variable (such as process temperature) follows the recipe trajectories
throughout the process [4]. Recipe-based approaches fail to deliver consistent product quality
in the presence of disturbances and uncertainties in the process operation and upstream.
Testing the quality of the product at the end of the process and absence of any monitoring
and control actions of critical solid-state quality attributes during the process are underlying
reasons of batch-to-batch variations and poor product quality. Moreover, this approach
also demands a high number of experiments and accordingly a high amount of resources
in order to define a robust and reliable envelope for the crystallization operation [5]. In the
view of these downsides, drug regulatory authorities have encouraged industries towards
replacing the quality-by-testing practise with more enhanced methods such as quality-by-
design (QbD) approach during drug and manufacturing development phases [4]. This is only
one of the various challenges that put pressure on the pharmaceutical industries including
high competition with the generic market due to patent expiration of the drugs, higher cost of
R&D for new drugs and growing demand towards greener products and processes [1, 6].

Given these circumstances, now the pharmaceutical industries are seeking more effective
and economic ways to increase productivity and manufacturing efficiency without compro-
mising the product quality. To accomplish this, initiatives must be taken beginning within the
area of process development under the guidance of QbD approach. This is also favored by
the regulatory authorities. QbD approach relies on mechanistic understanding and modeling
underlying principles of the process in combination with risk management tools in order
to rapidly design an effective and efficient production process that delivers consistently a
product meeting desired quality attributes and performance [4, 6, 7]. A process is usually
regarded as well-understood when i) all critical sources of uncertainty and variability are
defined and clarified, ii) variability and uncertainty are governed by the process, iii) critical
quality attributes of the product and process performance can be precisely and reliably
predicted over the design space of the process parameters or material attributes [8, 9].

Despite high number of mechanistic model developments, optimization and control
studies, the pharmaceutical crystallization literature still lacks for a comprehensive study
that applies a global uncertainty and sensitivity analysis on a crystallization process and
demonstrates a straightforward pathway to quantify the process risk of not achieving target
product specifications. A limited number of published studies takes the uncertainties into
account during model development, process design and control of crystallization of the
pharmaceutical compounds. A few studies consider the process risks, but all of them are
limited to only a qualitative assessment. To illustrate, the effects of the uncertainties in
the nucleation and growth kinetic parameters on the optimum operation policies such as
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temperature [10, 11] or agitation [12] trajectories as well as on the average crystal size [13]
are studied to aid a robust design and control. Sensitivity of average crystal size with respect
to uncertainties in upstream process (water content), design (cooling time and seed mass)
and model (nucleation and growth) parameters are assessed [13]. A parameter estimability
framework based on the combination of two methods (a sequential orthogonalization and a
variance based) to calculate sensitivity indices are presented in order to assess the reliability
and sufficiency of experimental data during the estimation of the model parameters for a
multi-impurity multi-dimensional population balance model [14]. A qualitative risk map of
(un)desired polymorphs of an API as a function of solvent composition and crystallization
time are extracted based on automated parallel experimentation (total 80 experiments) in order
to identify a safe crystallization space [15]. The effect of uncertainties in growth parameters
and operation parameters on the supersaturation during a co-crystallization process is related
to the risk by means of calculating the probability of polymorphic purity [16].

This study therefore is driven by the motivation of practising a "science and risk-
based approach" especially during the development of the key downstream process in the
pharmaceutical industries, namely crystallization. A large-scale (218 L) pharmaceutical
crystallization model for both batch cooling and antisolvent crystallization is developed
based on a compartmentalization approach. The compartmental model is built up under the
guidance of mixing simulations by means of computational fluid dynamics (CFD), which
is then coupled with a population balance model in MATLAB/Simulink environment. A
steady-state compartmental model is used for the batch cooling crystallization, while a novel
dynamic compartmental model is developed for the antisolvent crystallization. Uncertainty
analysis comprehends the assessment of the sources of uncertainty in kinetic parameters
and also the variations in operation parameter design space, and their influence on several
outputs such as mean crystal size, CSD and yield as the measured process performance
criteria. Sensitivity analysis decomposes the total process output variance into the individual
contribution of the uncertain input parameters. Parameter ranking obtained by sensitivity
analysis aims to guide design and suggest the optimized operation conditions. Finally, in
order to assess the process risks due to the variations in the operation design space, firstly
the probabilities of not achieving the target yield and final mean crystal size are calculated.
The risk is quantified by means of multiplying this likelihood of not achieving the target
product specification with the consequence of this undesired event. The key novelties
of the presented study are the application of global uncertainty and sensitivity analysis
on the CFD based compartmental model of pharmaceutical batch cooling and antisolvent
crystallization processes and presenting a methodology to quantify the process risks of
failing target product specifications.
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2. Material and Methods

2.1 Process Description

2.1.1 Crystallizer geometry

In this study, the hypothetical large scale crystallizer considered for the scale-up model
development is a stirred tank vessel with a dished bottom from a previous work [17] and
shown in Fig. 1. The geometry of an existing pilot scale crystallizer at the pilot plant facility
of the Technical University of Denmark is used as a base for the vessel size, impeller type
as well as for the working volume of the crystallizer. The internal diameter of the vessel,
T is 0.64 m. Maximum liquid height, H is 0.74 m and it corresponds to the liquid volume,
V of 218 L. The vessel is equipped with a marine type of impeller with a diameter, D of
0.30 m and it is located 0.27 m above the bottom of the vessel. Four rectangular baffles
are located with 9 mm clearance from the vessel wall. Cooling jacket covers only sides of
the vessel and has a height of 0.60 m with a thickness of 0.01 m that corresponds a volume
of around 12.3 L and 1.21 m2 heat exchanger area.

Figure 1: Pilot scale crystallizer (Adapted from previous work [17]).

2.1.2 Crystallization systems and conditions

Batch cooling crystallization: A seeded-batch cooling crystallization of an active
pharmaceutical ingredient, paracetamol (Acetaminophen) from ethanol is studied as one of
the case studied in this work. Related solubility and crystallization kinetic models of this
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system are taken from literature [18, 19] and given in Table 1. Operation parameters of the

batch cooling crystallization process are decided as seed specifications (mass, mean, standard

deviation), initial supersaturation (initial concentration), cooling profile and cooling(batch)

time. Upper and lower boundaries of the design space of these operation parameters are

given in Table 2. Seed is added to the solution having an initial concentration, C0 kg

paracetamol / kg ethanol at time, t is 0 min and then cooling is started. The solution is

cooled down from 40 oC until 20 oC.

Antisolvent crystallization: Antisolvent crystallization of another active pharmaceutical

ingredient, acetylsalicylic acid (Aspirin) from ethanol solvent and water antisolvent is studied

as the second case in this work. Related solubility and crystallization kinetic models of

this system are taken from literature [20] and given in Table 3. Operation parameters

of the antisolvent crystallization process are decided as seed specifications (mass, mean,

standard deviation), initial supersaturation (initial concentration), initial antisolvent weight

fraction, operation temperature and total time for addition of antisolvent (antisolvent feed

time). Specifications of these operation parameters are given in Table 2. Seed is added to

the solution having an initial concentration, C0 kg acetylsalicylic acid / kg ethanol-water

mixture at time, t is 0 min and then antisolvent addition is started. The antisolvent is

fed to the solution until final antisolvent weight fraction reaches to 60.0 %, which is the

value studied in the literature [20].

Table 1: Solubility and kinetic model of paracetamol crystallization from ethanol and parameter
values with 95% confidence interval.

Name / Expression Parameters Source
Solubilitya C1 [kg/kg] C2 [K

−1]

CSat =C1 · exp(C2 ·T ) 2.955 ·10−4 2.179 ·10−2 [18]

Nucleationb kn [(#/minm3)nprim] nPrim [−]
BPrim = kn · (∆c)nPrim (1.597±0.211) ·1010 2.276±0.057 [19]

Kn [(#/m2s] nSec [−]
BSec = Kn · (∆c)nSec ·

∫ Lmax
Lmin

n(L) ·L2dL (2.656±0.102) ·107 2.232±0.086 [19]

Growthb kg [m/s(m3/kmol)g] Ea [kJ/mol] g [−]
G = kg · exp

(
− Ea

R·T
)
· (∆c)g 9.979±0.41 40.56±0.04 1.602±0.03 [19]

aSolubility is in [kg/kg]. Standard deviation of measured solubility data was reported as 5.6 ·10
−4 kg/kg. 95%

confidence interval of predicted solubility, CSat was calculated as ±0.0006 kg/kg.
cGrowth and nucleation terms are modified in order to obtain G in [m/s], BPrim and BSec in [#/(m3s)].
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Table 2: Operation parameters of the batch cooling and antisolvent crystallization processes, and
their design space.

Batch cooling crystallization Antisolvent crystallization
Parameter/Design Space Min. Max. Parameter/Design Space Min. Max.
Seed specifications Seed specifications

Seed mass, mSeed [%] 0.1 5.0 Seed mass, mSeed [%] 0.1 5.0

Seed mean, µSeed [µm] 75.0 200.0 Seed mean, µSeed [µm] 75.0 200.0

Seed std.,σSeed [−] 5.0 20.0 Seed std.,σSeed [−] 5.0 20.0

Concentration

Initial concentration, C0 [kg/kg] 0.272 0.323 Initial supersaturation, S0 [kg/kg] 1.0 1.1

(Initial supersaturation, S0) [-] 1.0 1.2 Initial antisolvent wt. frac., wA [%] 10.0 40.0

Other specifications
aCooling profile, nCooling [−] 1/3 3 Operation temperature, T0 [oC] 25.0 35.0

bCooling(batch) time, tCooling [s] 3600 18000 bAntisolvent feed time, t f eed [s] 1000 4000
aCooling profile, nCooling is the exponent in the expression; T = T0 +

(
t

tCooling

)nCooling
· (Tf −T0).It corresponds to a linear

cooling profile, if nCooling = 1, a controlled cooling profile if nCooling = 3 and a natural cooling profile if nCooling = 1/3.

Cooling profile is varied as three discrete values (1, 1/3 and 3) in the uncertainty analysis.
bCooling(batch) time and antisolvent feed time are varied as three discrete and equally spaced values between upper

and lower boundaries in the uncertainty analysis.

Table 7.1: Table 3: Solubility and kinetic model of acetylsalicylic acid crystallization from ethanol
solvent and water antisolvent, and parameter values with 95 % confidence interval.

Name / Expression Parameters Source
Solubilitya p0,0, p1,0, p0,1, p2,0, p1,1, ..., p0,6

CSat(T,w) = p0,0T 0w0 + p1,0T 1w0 + p0,1T 0w1 + p2,0T 2w0 + p1,1T 1w1 + ...+ p0,6T 0w6 [20]

Nucleationb kB1 [m−3s−1] kB2 [J/mol] kB3 [−]
B = kB1 · exp

(
− kB2

R·T

)
· exp

(
− kB3

ln2S

)
(1.15±0.51) ·1021 (7.67±0.11) ·104 0.16±0.01 [20]

Growthb kG1 [m/s] kG2 [J/mol] kG3 [−]
G = kG1 · exp

(
− kG2

R·T

)
· (c∗(S−1))kG3 (3.21±0.18) ·10−4 (2.58±0.14) ·104 1.00±0.001 [20]

aSolubility is in [kg/kg] and for parameter values please refer to the literature.
bG in [m/s], B in [#/(m3s)].

2.2 Model Description

2.2.1 Crystallization process model

Crystallization process, which is implemented in MATLAB/Simulink, is modelled as
a population balance equation as shown in Eq. 1 [5, 21], and solved together with mass
balance equations for solute API as well as solvents, and an energy balance equation. Method



Paper D 159

of Classes approach, which is based on discretization of internal crystal size domain into
400 classes, is used to solve the population balance equation [22, 23]. Only crystal birth
(nucleation) and size-independent growth are assumed as dominant mechanisms, since
only these two mechanisms are reported in the literature of the pre-mentioned API case
studies. However, the developed model can easily incorporate size-dependent growth as
well. Crystals are allowed to born only into the first class, L0. Solving the model gives the
time evolution of the CSD as well as all the state and process variables. In a batch system,
the term dV/dt becomes zero, since the volume of the suspension is constant (volume
of crystals are neglected). However, in an antisolvent system, the term dV/dt is dilution
rate sourced from antisolvent addition.

∂n(L, t)
∂ t

= Bδ (L0)−G
∂n(L, t)

∂L
− n(L, t)

V
dV
dt

(1)

2.2.2 CFD model setup

The fluid dynamic behavior (mixing) in the crystallizer volume are predicted by perform-
ing a transient CFD simulation in ANSYS CFX release 17.1 in previous studies [17, 24].
In order to simulate mixing flow of the liquid volume in a CFD software, firstly a detailed
three dimensional (3D) geometry of the liquid volume inside the crystallizer vessel is defined
by means of drawing it in a 3D solid modeling software e.g. SolidWorks. Afterwards, a
computational mesh of the defined geometry, which consists of mesh elements and nodes, is
created. ANSYS CFX utilizes a node based solver that solves gradually the flow equations
for each individual flow variable (e.g. velocity, temperature) in an iterative way for each
node in a simulated mesh [25]. The representative Navier-Stokes equations are solved
for a single-phase volume and the standard k-ε model is used as the turbulence model.
Two rotation speeds of the impeller as 40 and 100 rpm, which produces a turbulent flow
within the studied volume, are studied.

The volume of liquid flow being studied in the crystallizer vessels consists of two mesh
domains: a rotating domain and a stationary domain. The rotating domain is a cylindrical
mesh zone with 0.330 m diameter and 0.100 m height around the impeller rotating at the
impeller speed and the stationary domain is the mesh zone covering the rest of the crystallizer.
A frozen rotor approach is used between the intersection of two domains to model the
rotation of the impeller. ICEM CFD 17.1 is used for meshing the domains. Structured
hexahedron mesh elements form the stationary domain, while unstructured tetrahedron mesh
elements are used to form the rotating domain. The time step used in the simulations is
up to 0.01 s. Several monitor points are randomly placed in the fluid volume, on which
value of the flow velocity is monitored during the transient simulations. The CFD simulation
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is stopped, after the flow velocity at these monitor points remains constant, so the steady
state behavior is obtained. Transient-average values of the flow velocity components (in
axial, radial and circumferential directions) are recorded to be used for the development
of the compartmental model of the system.

2.2.3 Compartmentalization and modeling

The main purpose of the compartmentalization approach is to capture the mixing
behaviour particularly in large scale systems and to enable the examination of the affected
process variables and state outcomes in a both cost-efficiently and accurately manner. This
is achieved by defining the entire vessel as a network of interconnected ideally mixed
sub-volumes (compartmental zones), in which no or negligible gradients exist. Overall
flow pattern, temperature distribution, concentration, local energy dissipation and solid
distribution can be regarded as base criterion for determination of the compartments in
crystallization vessels [26–28].

In this work, the overall flow pattern and its velocity components in the crystallizer vessel
are the primary criteria utilized for the compartmentalization. CFD simulations provides
a reliable insight into mixing behaviour in the large scale systems. Therefore, the flow
information gained by means of CFD simulations is used to built up compartments. A
compartmental map of the mixing characteristic of the fluid in the crystallizer is established
through analyzing the fluid velocity in axial, radial and circumferential directions [29].
Through the compartmentalization approach, the computational cells of the CFD mesh
owning to similar characteristics are gathered together to form a coarser mesh, so called
compartments. Spatially averaged values of the parameters within the compartmental volume
are used to represent the sub-volume’s characteristics [27]. Fluid flow has unidirectional
characteristics on each surface of the compartments. The way that the compartments are
generated and modelled allows to save the computational time, while making no/negligible
concessions of the accuracy of the model [30]. A steady-state compartmental zone map
is extracted for the fluid flow in a batch system. However, a novel dynamic compartmen-
talization approach is utilized to capture the mixing dynamics during antisolvent addition
such as the changes in compartmental volumes and in-between fluxes. More details about
dynamic compartmental modeling can be found both in Supplementary Material and in our
previous work [24]. In the compartmental model, a single compartment exchanges flows
with the neighbouring compartments (Fig, 2). Therefore, in a compartmental model, the
population balance as well as mass and energy balance equations contain multiple inlet
and outlet streams similar to continuous reactor systems that is valid for both batch and
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antisolvent crystallization case. Therefore, sink and source terms are added to Eq. 1 for inlet
inlet and outlet streams between compartments as shown in Eq. 2.

Figure 2: A single compartment model (Adapted from [28]).

∂n(L, t)
∂ t

= Bδ (L0)−G
∂n(L, t)

∂L
− n(L, t)

V
dV
dt

+
nin(L, t)Qin−n(L, t)Qout

V
(2)

where n is crystal number density, B is total nucleation rate, δ (L0) represents the
crystal born only into the first class of L0, G is growth rate of the crystals, V is volume, Q
represents the inlet and outlet volumetric flow rates. The change in solute concentration,
C, is described as:

dC
dt

=−kvρc

ρl
∑L3 dn(L, t)

dt
+

FinCin−FoutC
V ρl

(3)

where kv is the volume shape factor of the crystals, ρc is crystal density, ρl is solvent
density, F is the inlet and outlet mass flow rates. The change in bulk temperature, Tb, and
cooling water temperature, Tc are describes as:

ρlVCp,l
dTb

dt
=−UA(Tb−Tc)−∆Hcρckv ∑L3 dn(L, t)

dt
+Cp,l(FinTb,in−FoutTb) (4)

ρwVcCp,w
dTc

dt
=UA(Tb−Tc)+Cp,w(Fin,wTc,in−Fout,wTc) (5)

where Cp,l is heat capacity of the solvent, U is heat transfer coefficient, A is heat transfer
area, ∆Hc is heat of crystallization and Cp,w is heat capacity of the cooling water.

2.3 Sensitivity Analysis

Sensitivity analysis aims to quantify and prioritize the contribution of the various sources
of model uncertainties to the model output uncertainties [31]. On the other hand, uncertainty
analysis deals with the characterization of the sources of the uncertainty, and estimation of
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the uncertainty in the model prediction. Therefore it should be performed prior to sensitivity
analysis [32]. A general scheme of sensitivity analysis of pharmaceutical crystallization
scale-up model is represented in Fig. 3 as follows:

Figure 3: General overview of sensitivity analysis.

The crystallization processes and the models used to describe them can contain various
sources of uncertainties such as structural uncertainty, measurement errors, parameter
uncertainty and variations in the operation conditions [11]. The model structural uncertainty
is out of the scope of this work. The pre-mentioned crystallization process model includes
various input parameters e.g. coefficients in the solubility, nucleation and growth expressions.
These parameters have been determined from several experimental studies, therefore they
contain experimental errors and they are often reported as a mean value with a confidence
interval, which is regarded as uncertainties. Besides that, operation parameters such as initial
concentration, seed mass, seed mean, seed concentration, cooling rate, etc. are also used
in the model as input parameters. These operation parameters are process design variables
that have a design space and they should be optimized. Assigning only a single value to
these parameters during process model simulations will ignore all these errors. Instead,
multiple values for these parameters can be defined by treating the value as a distribution
within its uncertainty range. Following, multiple simulations can be performed by using
these multiple assigned values for these parameters. This procedure is called Monte Carlo
uncertainty propagation through the process model [33]. A probabilistic range of all the
possible process outcomes due to input uncertainties will be obtained as a consequence of this
procedure, called uncertainty analysis. On the other hand, in order to quantify the individual



Paper D 163

contributions of input parameter uncertainties to the total output variance, sensitivity analysis
should be performed. Consequently, a parameter significance ranking is obtained and it will
help to prioritize better experimental design procedures and optimization studies on those
most influential parameters in order to reduce process output uncertainty and variance.

2.3.1 Uncertainty analysis

Uncertainty analysis of a model system via a Monte Carlo method includes the fol-
lowing steps [34]:

Step 1. Definition of input uncertainty: Input (parameters) candidates, which have uncer-
tainties, are identified and their uncertainty range as well as their distribution are defined.

Step 2. Sampling from input space: Using an appropriate sampling technique (e.g. Latin
Hypercube Sampling (LHS) [35]), a pre-defined number of random samples (NSampling) from
uncertainty range of the input parameters are created.

Step 3. Performing Monte Carlo simulations: NSampling model simulations using the
NSampling samples of input parameters values created in the previous step, are performed.

Step 4. Reviewing and analysis of the results: The outputs of the NSampling model simu-
lations are plotted and the results are characterized into mean, standard deviation/variance
and percentiles [34].

2.3.2 Morris screening

The Morris screening method is based on the calculation of the distribution of the
elementary effects (EEi) of each input parameter by measuring the ratio of the change in
model output corresponding to a change in a model input [36]. Assuming a model with
k independent inputs xi, i = 1, ...,k, each sampling run starts from a random point in a
grid, where the range of each parameter space is subdivided into p-levels. The trajectories
throughout the input parameter space are generated through perturbing one-factor-at-a-time
(OAT) along a grid of size, ∆ (or perturbation step) [36–39]. The outstanding feature of the
Morris screening method is its economy in terms of required number of model simulations
that is optimized by proposed OAT design by Morris [40]. The degrees of freedom that are
necessary to be defined are the predetermined perturbation factor, ∆, a level of p and the
number of repetitions r [37]. The proposed value of p is 4, 6 or 8 that represents the 25th, 17th

and 12.5th percentile of the uniform distribution of the inputs. The recommended calculation
for the perturbation factor is ∆ = p/[2(p− 1)], while the number of repetitions, r takes a
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value typically between 10 to 50 [36, 37, 39, 41].Consequently, the random observations of
the distribution function are obtained by the calculations of elementary effects as follows:

EEi =
y(x1,x2, ...,xi−1,xi +∆, ...,xk)− y(x1,x2, ...,xi, ...,xk)

∆
(6)

where y(x1,x2, ...,xi−1,xi, ...,xk) is scalar model output estimated at input parameters (x1,
x2,...,xi,...,xk), while y(x1,x2, ...,xi−1,xi +∆, ...,xk) is the scalar model output regarding to a
∆ change in xi. The difference between the subsequent points and the previous is the change
in one component, i which has been increased or decreased. Each trajectory contains (k+1)
points that necessitate in total r(k+1) model evaluations to get the required model output
for all input samples [39]. Finally, the calculated EEi for each input parameter trajectory
can be examined by comparison of mean (µ), absolute mean (µ∗) and standard deviation
(σ2) of the distribution function, which are calculated as follows:

µi =
1
r

r

∑
j=1

EE j
i (7)

µ
∗
i =

1
r

r

∑
j=1
|EE j

i | (8)

σ
2
i =

1
r−1

r

∑
j=1

(EE j
i −µi)

2 (9)

2.3.3 Variance-based method

Variance based sensitivity analysis method can be described as the "computer experiment
equivalent" of the performance (outcome) variance analysis of an experimental design. In
experimental design, the contributions of factors are studied over levels, while in variance
based methods the emphasis is on entire factor distribution [42]. In the variance based
sensitivity analysis method, the total variance of output has been decomposed into the
fractions, which can be attributed to individual parameters and set of parameters. A direct
variance-based measure of sensitivity -so called first order sensitivity index, Si- calculates
the main contribution of an input parameter (by varying this parameter alone) to output
variance. On the other hand, the total-order index, STi measures not only the individual
parameter contribution to output variance, but also all variances caused by related parameter
interactions with other inputs [43–45]. Variance-based method such as Sobol’s sensitivity
indices employ Monte Carlo simulations, which rely on a random sampling from uncertain
input space and repeated simulations [46].
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2.3.4 Meta-modeling based global sensitivity analysis

Variance-based methods such as Sobol’s sensitivity indices require a high number of
model evaluations in the order of 2,000-10,000 in order to ensure the convergence of
calculated indices with a satisfying precision. Accordingly, the computational burden
associated with the sensitivity analysis is very high in case of computationally expensive
models are studied. Therefore, meta-modeling based approaches to calculate sensitivity
indices have gained high interest as a cost-efficient alternative to conventional methods [46].
Polynomial chaos expansions [47, 48], Gaussian process regression [49] and artificial neural
networks [50] are the most referred surrogate-models for global sensitivity analysis [46].
More details about these methods and underlying principles can be found elsewhere [46].

2.4 Process Risk Quantification

The steps followed to quantify process risk are shown as a schematic diagram in Fig. 4.
Process risk of not achieving target crystal product specification is quantified based on the pre-
dicted probability distribution using Monte-Carlo simulations of the crystallization model.

Figure 4: Schematic diagram of the steps to be followed during the quantification of the process risk
based on Monte Carlo simulations.

Process risk is defined as multiplication of the likelihood of an undesired event (u.e.)
with the consequence of that event [51, 52] as shown in Eq. 10:

ProcessRisk = ∑Likelihoodo f u.e. ·Consequenceo f u.e. (10)

Likelihood of an event (also in terms of cumulative density function) can be quantified
by summing the probabilistic distribution of process outcome obtained from Monte Carlo
simulations. The consequence of an undesired event can be defined as a model or function
that incorporates several impact measures of this undesired event (Eq. 11 ) such as cost of
product loss and solvent, environmental footprint of the wasted solvent etc.:

Consequence = f (Model) = f (Economic,environmental,etc.) (11)
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3. Results and Discussion

3.1 CFD Simulations and Compartmentalization

In a previous work, transient CFD simulations were performed in order to predict the
fluid dynamic behavior in the crystallizer volume [24]. The developed steady state flow
pattern and velocity profile in initial solvent volume (126 L) and in the final full-volume
vessel (218 L) is shown in Figure 5. Batch cooling crystallizer is operated at the full volume
of 218 L, while in the antisolvent crystallizer, initial liquid volume of 126 L is increased up
to 218 L due to antisolvent addition. CFD simulations show that one circulation loop of the
liquid flow exists in the initial solvent volume, while two circulation loops of the liquid flow
exist above and below the impeller in the full crystallizer volume. Liquid flow velocity has
the highest value around the impeller region as expected. Steady-state compartmentalization
of the full crystallizer volume can be seen also in Fig. 5. The details of the dynamic
compartmentalization in order to replicate the mixing of the solvent with antisolvent and
compartmental information can be found in our previous work [24].

Figure 5: Fluid flow pattern in pilot scale crystallizer having initial (126 L) and final (218 L) liquid
volumes, and compartmentalization of final liquid volume (40 rpm impeller speed).

3.2 Case Study 1 - Batch Cooling Crystallization

3.2.1 Uncertainty analysis

Definition of uncertainty range is a crucial task. There are two methods commonly used
to define an appropriate range for uncertainties in the literature; (i) If experimental data
is available, parameter uncertainties are inferred using statistical estimation methods. For
example, kinetic parameters of a mathematical model is estimated using maximum likelihood
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estimation (MLE) and 95 % confidence interval of the kinetic parameters are used, (ii) If
data is not available, the expert review is used to define an appropriate range such as low,
medium and high degree of uncertainty. For example, the opinions of process experts are
asked and/or related literature resources are consulted [37, 53]. The crystallization model
input parameters are classified into two groups; kinetic parameters and operational parame-
ters. During uncertainty analysis (also during sensitivity analysis) kinetic parameters and
operation parameters are studied separately. The coefficients of solubility (C1,C2), nucleation
(kn,nPrim,Kn,nSec) and growth terms (kg,g,Ea) (shown in Table 1) are regarded as uncertain
kinetic parameters, that have been determined by experimental data containing errors. The
uncertainty range for kinetic parameters are specified as ± 5% of the reported mean values.
Additionally, uncertainties in volumetric shape factor, kv, which is used in population balance
modeling to calculate volume of a crystal, are also taken into account, since different reported
values exist for paracetamol crystals (kv = 0.674 [18] and kv = 0.866 [54]).

On the other hand, the operation parameters such as initial solute concentration, C0,
cooling (batch) time, tCooling, cooling profile, nCooling, seed mass, mSeed , seed standard
deviation, σSeed and seed mean, µSeed are regarded as design parameters, which should be
optimized within a design space. Moreover, design space of those operation parameters
poses a risk of not achieving the target product and process specifications. Therefore, this
risk should be quantified. During the decision of the design space of these variables, we
benefit from the experiences of some crystallization experts and the conditions studied in
the literature, where the kinetic models are developed and optimized [19, 20]. The design
space for the operation parameters are given in Table 2. A uniform distribution is assumed
during the sampling of the parameters from their uncertainty range and design space except
for cooling profile and cooling(batch) time.

350 random samples (NSampling) from input uncertainty and design space for each input
parameter groups are created separately with LHS technique. The created sampling matrices
can be found in Supplementary Material. Monte Carlo simulations are performed by
simulating crystallization scale-up model 350 times for both cases using created input
parameter sampling matrix. While the kinetic parameters are studied, values of the operation
parameters in Monte Carlo simulations are kept constant at the given values; 0.277 kg/kg
initial solute concentration (1.02 [−] initial supersaturation), 18000 s cooling (batch) time,
controlled cooling profile, 2 % seed mass with 90 µm and 10 µm standard deviation. While
the operation parameters are studied, the kinetic parameters are kept constant at the reported
mean values in Table 1.

Solute concentration profile, time evolution of mean crystal size, d32 and final CSD
are recorded for each simulations and shown in Fig. 6. Final yield percentage and final
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mean crystal size are shown in Fig. 7. Discontinuities in solute concentration profile and
mean crystal size evaluation in Fig. 6 are due the fact that cooling (batch) time is varied
as three discrete values between 3600 - 18000 s, which is defined as the boundaries of the
operation design space in previously Table 2.

Fig. 6 and Fig. 7 clearly show that that 5% uncertainties in the kinetic parameters and
specified variations in the operation design space lead to high uncertainties/variations in the
process performance (outcome). Uncertainties in the mean crystal size at the end of the
batch is much larger due to variations in the operation design space (mean of 226.6±59.3
µm) compared to the uncertainties in the kinetic parameters (mean of 134.4±25.1 µm).
The underlying reason can be explained as the variations of the operation parameters in
specified design space have much stronger effect on the final mean crystal size compared
to 5% uncertainties in the kinetic parameters. Nonetheless, the question of which operation
parameter contributes the most to this huge uncertainty on the final mean crystal size will be
answered by doing sensitivity analysis. Higher final average process yield is obtained in the
second case with a similar standard deviation (53.9±26.2 % and 64.3±21.2 %, respectively).

(a) Uncertainties in kinetic parameters. (b) Variations in operation design space.

Figure 6: 350 MC simulations: Total output uncertainty of batch cooling crystallization due to kinetic
parameter uncertainties and variations in operation design space.
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(a) Uncertainties in kinetic parameters. (b) Variations in operation design space.

Figure 7: 350 MC simulations: Total output uncertainty (yield and final mean crystal size) of batch
cooling crystallization due to kinetic parameter uncertainties and variations in operation design space.

3.2.2 Sensitivity analysis

The level of p = 6 and the perturbation factor of ∆ = 0.60 as well as r = 20 elementary
effects calculations for each inputs are specified to design Morris sampling (Sampling
matrices can be found in Supplementary Material). This results in a total of r(k+1) = 220
model simulations for k = 10 input kinetics parameters and r(k+1) = 140 model simulations
for k = 6 input design parameters. The distribution of the elementary effects of each input
parameters is calculated and the information about random observations of this distribution
function is reported in terms of mean and standard deviation calculated based on Eq. 8 and Eq.
9. The significance of the model input to the model output variance is examined by comparing
mean and the standard deviation of calculated distribution functions and shown in Fig. 8
for input kinetic parameters and operation parameters, respectively. In the figure, the wedge
form facilitates the interpretation of the results. If an input parameter has negligible effect on
the output, then this parameter lies inside of the wedge. On the contrary, if an input parameter
lies outside of the wedge, it indicates that this input parameter has a significant effect on the
output performance. The significance ranking list of calculated values of the absolute mean
and standard deviation plotted on the Fig. 8 can be found in Supplementary Material as well.

When the sensitivity of kinetic parameters is analyzed, Morris screening method empha-
sizes that the second coefficient in the solubility term has the highest effect on final process
yield and final crystal mean size. The highest sensitivity of the second coefficient of solubility
term can be attributed to the direct correlation between this term and the temperature of
system. Following, activation energy in growth expression and first solubility coefficient
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have also high importance. On the other hand, the coefficient of the nucleation expressions
have almost zero effect on the output. These results are expected, due to the fact that under
operation conditions of this crystallizer system, growth is the dominating mechanism, while
nucleation is insignificant. Based on these results one should consider to focus on increasing
the accuracy of these uncertain parameters, so output uncertainty can be decreased.

Sensitivity analysis of the operation parameters with respect to different outputs of interest
enhances the understanding of process determinants and quantification of their contribution
to process output variability. Morris screening method reveals that the crystallization process
yield has strongly affected by cooling (batch) time, cooling profile and initial concentration,
respectively. Seed specifications such as seed mean and mass as well as initial concentration
plays the most important role in determining final mean crystal size obtained from the
process. Additionally, sensitivity of the operation parameters on the span of final CSD and
total nucleated crystals are also analysed (not shown on the graph). Apart from seed standard
deviation, none of the studied operation parameter under defined space shows influence on
the span of the final CSD, while initial concentration, cooling profile. cooling time and
seed mass has the highest impact on the total nucleated crystals, respectively. Calculated
standard deviation values of these parameters indicate that there is no interaction between
these parameters and they have only additive effect on the output variance. Therefore, it
can be concluded that if the aim is to optimize of process yield, seed specifications should
be excluded from operation design space and focus should be given primarily to cooling
time and profile. Oppositely, if the purpose is to optimize final mean crystal size, then
seed specifications should be first choice of optimization. Parameter significance ranking
obtained by Morris screening method are also verified by by surrogate based variance
decomposition method such as PCE and ANN (Details of the results can be found in
Supplementary Material).
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(a) Uncertainties in kinetic parameters.

(b) Variations in operation design space.

Figure 8: Comparison of Morris screening results for kinetic parameters and operation parameters
for two output of interests; process yield and final mean crystal size. Parameters that have a mean
value very close to zero are not shown.

3.3 Case Study 2 - Antisolvent Crystallization

3.3.1 Uncertainty analysis

Operation parameters of an antisolvent crystallization process are of critical importance
for optimization of the process performance and assessment of the process risks of not
achieving production target. Crystallization temperature, T0, initial supersaturation, S0,
feeding time, t f eed (or antisolvent addition rate, Fa), seed specifications (mass, mseed , mean,
µseed and standard deviation, σseed) and initial antisolvent weight fraction, wA0 are chosen as
the operation parameters of interest and the operation space for those parameters are given
in Table 2. 600 random samples from input space were created based on LHS technique.
A uniform distribution is assumed during the sampling except for antisolvent feed time.
Sampling matrix can be found in Supplementary Material.
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Using 600 samples, 600 Monte Carlo simulations are performed and outputs are plotted
in Fig. 9. Discontinuities in solute concentration profile and mean crystal size evaluation
in Fig. 9 are due the fact that antisolvent feeding time is varied as three discrete values
between 1000 - 4000 s, which is defined as the boundaries of the operation design space
in previously Table 2. The results show that the variations in input operation space lead to
high uncertainties in the process performance and consequently the product specification,
especially final mean crystal size, d32. Average d32 of Monte Carlo simulations at the end of
the antisolvent crystallization due to variations in the operation design space is calculated
as 263.3±104.7 µm. Finally, a high average final process yield with low standard deviation
is obtained as 93.7±8.2 % from Monte Carlo simulations.

Figure 9: 600 MC simulations: Total output uncertainty of antisolvent crystallization due to variations
in input operation design space.

3.3.2 Sensitivity analysis

In order to address the individual contribution of operation parameters to process output
variance, a sensitivity analysis is performed based on PCE based Sobol’s indices. Yield and
final mean crystal size are considered as the performance criteria in the sensitivity analysis.
Calculated Sobol’s sensitivity indices are shown in Table 4. Calculated indices show that
the antisolvent crystallization yield percentage is strongly affected by antisolvent feed time
showing similarity to the cooling time in the batch cooling crystallization. On the other
hand, seed mean and mass are the most sensitive parameters in determining the final mean
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crystal size. Consequently, focus should be given primarily to antisolvent feed time in order
to optimize process yield, while crystallization temperature between specified design range
has almost no effect on the final yield. Seed specifications should be focus of optimization
if the purpose is to optimize final mean crystal size.

Table 4: Ranking of the operation parameters based on PCE-based Sobol’s indices. Output
performance criteria are final yield percentage and final mean crystal size (d32).

Yield% Final mean crystal size, d32

Rank Parameter Si STi Rank Parameter Si STi

1 t f eed(Fa) 0.9914 0.9954 1 µSeed 0.5854 0.5854

2 wa0 0.0005 0.0045 2 mSeed 0.3085 0.3179

3 mseed 0.0023 0.0033 3 wA0 0.0662 0.0662

4 µseed 0.0009 0.0013 4 t f eed(Fa) 0.0305 0.0399

5 S0 0.0001 0.0012 S0 0 0

6 T0 0.0000 0.0004 T0 0 0

7 σseed 0 0.0002 σseed 0 0

3.4 Process Risk Quantification

3.4.1 Batch cooling crystallization

Target crystal product quality of the batch cooling crystallization process is defined in term
of yield percentage, Yield% and average final crystal size diameter, d32, and specifications
are given as follow:

Yield% =
YieldActual

YieldT heoretical
·100≥ 60%

d32 ≥ 140µm

The undesired event is characterized as achieving a yield and final mean crystal size less
than the target and the risks based on these scenarios are quantified separately. The histogram
of the predicted probability distribution of Yield% and d32 obtained from 350 Monte Carlo
simulations are shown in Fig. 10 (on the left side), respectively. Cumulative density functions
of the probability distributions are calculated for corresponding product quality measures
and and shown in Fig. 10 as well (on the right side). The dashed line on the graph shows
the target and the shadowed region shows the probability of failing target.
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Figure 10: Histogram of of the predicted probability distribution of Yield% and d32 obtained from
350 Monte Carlo simulations (on the left side). Cumulative density functions of the predicted values
(on the right side).

In the given operation conditions of the batch cooling crystallization process, the prob-
ability of not achieving target yield is calculated as 41.5 % and average final crystal size
diameter is as 14.0 %. This means 145 and 49 simulations out of 350 simulations fail to
achieve target Yield% and d32 specifications, respectively. If both yield and final mean crystal
diameter specifications are required simultaneously as a success criteria of the process, then
the probability of failing target will increase up to 46.6 % instead of 14.0 %.

The consequence of failing target Yield% is the product loss. If the process risk is assessed
based on the Yield% specification, the overall risk is calculated as 7.1 % product yield loss. On
the other hand, the batch will be thrown away or wasted in consequence of failing target d32

that will have an economic impact (cost of product and solvent) as well as an environmental
impact (solvent waste). A pilot scale batch of 218 L crystallization contains approximately
46.8 kg paracetamol and 172.0 kg ethanol (assuming 0.272 kg/kg API concentration). When
the process is scaled up to 10,000 L bearing in mind the industrial production, approximately
2146.1 kg paracetamol and 7890.0 kg ethanol are wasted when only one batch is thrown
away. This will cost an average 12,300 $ per batch [55, 56]. On the other hand, the risk
of failing product specification of d32 under given operation design space of the batch
cooling crystallization is calculated as app. 1,700 $ per batch, when the crystallized API
is paracetamol. However, it is worth to emphasize that paracetamol is one of the cheapest
APIs in the drug market. As, the prices of APIs changes drastically that will change the



Paper D 175

risks of the process as well [55]. For example, under the same conditions the process risk
calculated based on a drug that costs 500 $/kg would be app. 151,700 $ per batch considering
a high value API. The risk rises up to 504,940 $ per batch, if both target yield and final
mean crystal size specifications are required as a success criteria of the process. The second
consequence of environmental impact due to waste of solvent, which is ethanol in given case,
can be evaluated based on different measures including some of the midpoint characterization
factors (CFm) of Life Cycle Assessment (LCA) [57, 58]. Calculated environmental risks
due to waste of solvent ethanol per batch is give in the following Table 5:

Table 5: Environmental risk calculations (per batch of cooling crystallization) based on various CFm
of LCA due to wasting ethanol solvent.

Impact category - CF CFm Unit Risk
Global warming potential - GWP 1.19 kg CO2 to air 1.32·103

Fresh water ecotoxicity - ETPfw 2.24·10−6 1,4−DCP eq. em. to fw 2.47·10−3

Ecosystem ozone formation pot. - EOFP 0.20 kg NOx −eq/kg 2.21·102

It is worth to mention also, that impurities are not incorporated into the developed model.
However, it is well known that the presence of even small amount of impurities can have a
substantial impact on the crystallization kinetics in reality such a suppressing nucleation or
both suppressing or enhancing growth. Impurities can also change the growth morphology of
the crystals [59, 60]. Changes in crystallization kinetic habits will affect the process output
as well as the related uncertainty, and hereby the risk.

3.4.2 Antisolvent crystallization

Similar to previous case study, target crystal product quality of the antisolvent crystalliza-
tion process is defined in term of yield percentage, Yield% ≥ 90 % and final mean crystal
size, d32 ≥ 300 µm. The undesired event is defined as achieving a yield and final mean
crystal size less than the target. The histogram of the predicted probability distribution of
Yield% and d32 obtained from 600 Monte Carlo simulations as well as cumulative density
functions of the probability distributions are calculated for corresponding process/product
quality measures and the graphs can be found in Supplementary Material. In the specified
operation design space of the antisolvent process, the probability of not achieving target
yield is calculated as 18.2 % and average final crystal size is as 68.7 %. This means 109 and
412 simulations out of 600 simulations fail to achieve target Yield% and d32 specifications,
respectively. The probability of failing target will increase up to 71.8 %, if both yield and final
mean crystal diameter specifications are required simultaneously as a success criteria of the
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process. Similar consequences are assumed in the case of failing target process and product
specifications. Therefore, when the process risk is assessed based on the Yield% criterion, the
overall risk is calculated as 1.5 % product yield loss. On the other hand, when the batch is
thrown away or wasted in consequence of failing target d32, approximately 2981.7 kg aspirin,
3623.9 kg ethanol and 5412.8 kg water are wasted per batch. The economic consequence is
therefore 13,630 $ per batch and the economic risk is calculated as app. 9,400 $ per batch.
The risk increases up to 14,250 $ per batch, if both target specifications are required at the
same time. Calculated environmental risks due to waste of solvent ethanol per batch is give
in the following Table 6 (for the second criteria only):

Table 6: Environmental risk calculations (per batch of antisolvent crystallization) based on various
CFm of LCA due to wasting ethanol solvent.

Impact category - CF CFm Unit Risk
Global warming potential - GWP 1.19 kg CO2 to air 2.96·103

Fresh water ecotoxicity - ETPfw 2.24·10−6 1,4−DCP eq. em. to fw 5.58·10−3

Ecosystem ozone formation pot. - EOFP 0.20 kg NOx −eq/kg 4.98·102

These process risk calculations assist in framing the process scale-up and development
studies and help better understand and quantify both economic and environmental conse-
quences/impact of process failure for a given design strategy.

4. Conclusions

An in silico tool for a pharmaceutical crystallization process, which serves the purpose
of supporting an efficient and effective process development and optimization studies, was
developed. A batch cooling crystallization of paracetamol and an antisolvent crystallization
of acetylsalicylic acid were demonstrated as two case studies. To this end, the pilot scale
crystallizer at 218 L scale was modelled based on a multi-compartment approach that
couples the mixing characteristics obtained by CFD simulations and crystallization kinetics.
Crystallization kinetic model parameters and the operation design parameters were considered
as a source of uncertainty and variations. Monte Carlo simulation method showed huge
uncertainties in model outputs due to input parameter uncertainties and variations. The
global sensitivity analysis (Morris screening and variance decomposition) was applied in
order to quantify individual contributions of input parameters on the output uncertainties.
Sensitivity analysis results revealed that second coefficient of the solubility term has the
highest effect on the process performance in terms of process yield and final mean crystal
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size. Therefore, care should be take to design better experiments to determine this parameter
more accurately. Besides, among operation design parameters, cooling/antisolvent feed time
has the highest influence on the process yield, while seed mean has the highest effect on final
mean crystal size. Therefore, more efforts should be given to those significant parameters
in order to optimize the related outcome of interest and reduce uncertainties, while non-
influential parameters can be excluded from the optimization studies. Finally, the risk of
failing process/product target due to variations in the operation design space was quantified.

This promising study shows that global uncertainty and sensitivity analysis coupled with
the quantification of process risk assessment is a powerful tool and should be interest to those
participating in effective and efficient crystallization process development. Developed in
silico tool provides a fast and cost-efficient platform for investigating design spaces, testing
the feasibility of different strategies, assessing the impact of uncertainties, identifying the
determinants of the process, and quantifying the process risk. Some experimental efforts
are still required to collect data in order to determine accurately the model parameters (e.g.
solubility, crystallization kinetics). These data are not usually available at the start of a round
development for a new API. However, these efforts can be minimized by adopting hybrid
or systematic approaches that yield targeted experimental design with minimum numbers
(e.g. for solubility [61] and for crystallization kinetics [62]).
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Abstract

In this contribution, a data-driven control approach was developed and applied exper-
imentally on a pharmaceutical batch cooling crystallization process. In this approach, a
radial basis functions (RBF) network model was trained in real time with experimental data
(time varied temperature and chord length distribution (CLD)) using two different input data
update strategies. The control objective was to optimize the cooling profile with the aid of
trained RBF in order to achieve the desired crystal population profile throughout the process.
Robustness of the proposed control strategy was tested with 10 comprehensive experiments
in the presence of several disturbances (initial supersaturation ratio, impeller speed, water
composition and seed size). Presented control strategy was able to easily handle all the case
scenarios. In 8 cases, the experimental crystal population profile followed successfully the
reference with less than 10 % offset. In the remaining 2 cases, the offset was 17 %, which
was due to the absence of the supersaturation. The proposed RBF network driven control
is a promising strategy that is easy to implement, fully-automated and relies on relatively
limited data for training. Therefore, the RBF control is expected to contribute to quick
process development and control, especially when there is a lack of comprehensive process
understanding and historical data particularly in the pharmaceutical industries.

Keywords: Pharmaceutical crystallization; data driven control; radial basis functions;
ibuprofen

1. Introduction

Crystallization is a key unit in the production process of high-purity pharmaceuticals
and fine chemicals. However, still a major bottleneck in the pharmaceutical manufacturing
remains to be establishing control over this unit operation. Control strategies and actions are
mainly challenged by the nonlinear and stochastic dynamics of the crystallization process. In
addition to this, in the absence of any online or inline measurements, the process outcome in
terms of crystal properties is difficult to be related into process inputs under the influence of
such dynamics [1–3]. Fortunately, significant advances in Process Analytical Technology
(PAT) tools enable monitoring of key solution- and crystal-state properties in real time.
This enhances the understanding of the dynamics of the crystallization process and helps to
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correlate the relation between the operating inputs and the critical properties of the crystal
product [3–6]. Besides, the information obtained through PAT tools facilitates markedly
the application of different feedback control strategies, so that some degree of control
over crystal size, polymorphic form and morphology is established [7–11]. Despite the
substantial progresses, the control of industrial crystallization processes are assumed to
be still an outstanding issue. The reasoning behind might be related to the restrictive
dichotomy of the developed control strategies that fall mainly into one of two categories;
model-based and model-free control [3].

Model-based approaches are based mainly on the population balance models containing
nucleation, growth, agglomeration, etc and solved simultaneously with mass and energy
balance equations [3, 12–14]. In model-based control, the effects of inputs and disturbances
on the system output are predicted in real time by process model simulations. An optimization
algorithm is solved in real time to determine the optimum solution to a manipulated variable
(or control signal) with respect to the pre-defined performance criterion. Therefore, the
fundamental requirement of a model-based controller is a process model that is adequate with
respect to complexity, accuracy and solution time [15, 16]. Among the population balance
numerical solution techniques, the vast majority of the model-based control literature studies
employed moment-based methods and their quadrature extensions [17–19]. These methods
have the main advantage of computational efficiency, while they suffer from the accuracy
of full crystal size distribution (CSD) retrieved from calculated moments [20]. On the other
hand, high fidelity discretization techniques such as high-resolution finite volume methods
[12, 21, 22] or method of classes [23, 24] provide a detailed CSD and state estimations.
However, they suffer from the computational burden for the real time optimization that
requires some efficient implementation techniques to increase the speed of solution [25].

On the other hand, developed model-free control strategies are based on expert intuition
and heuristics. Among them, supersaturation control (SSC) [6, 26, 27] and direct nucleation
control (DNC) [6, 27, 28] have aroused significant interest and found numerous applications
[3]. The key idea in SSC technique is to assure a constant supersaturation by manipulating the
supersaturation creating variable such as temperature or antisolvent feed rate. This requires
the measurement of solute concentration in the crystallizer (e.g. using ATR-UV, ATR-FTIR
[6, 29, 30]) and knowledge of solubility data corresponding to the state in the crystallizer (e.g.
temperature or antisolvent concentration). DNC technique grounds on keeping crystal number
(e.g measured by FBRM sensor or real-time microscopy based image analysis [31]) constant
throughout the crystallization operation by heating/cooling cycles or solvent/antisolvent
cycles with in situ seed generation option. Model-free techniques are generally more
straightforward for the applications, but still the relation between operating variables and
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crystal properties are heuristic in nature and generally indirect [3]. A recent contribution to

model-free control approaches aimed to produce a desired crystal average size by controlling

crystal mass per count ratio called spatially-guided action trajectory endpoint control [32].

A third category that does not fit into the dichotomy of established crystallization control

strategies can be attributed to data-driven (based on process data) control approaches.

Data-driven approaches have proven to be useful especially for complex processes that

are troublesome and costly to develop a knowledge-driven model in a timely manner for

the optimization and control of industrial processes. The artificial neural networks (ANN)

are one the most outstanding data-driving modeling techniques. Because the complex non-

linear relationship between the inputs and outputs of a process can be well-approximated

without prior knowledge of the process or independent from the physical meaning of the

system [3, 33]. However, in the literature a very limited number of studies dealt with the

data-driven control of crystallization process. In most of these studies, ANN was treated

as a predictive model employed in a model predictive controller (MPC) for a set point

tracking [15, 34–38] and demonstrated only in silico. ANN models in all of them were

trained offline with historical data and the performance of the control strategy was not studied

in the presence of disturbances in the process. On the other hand, ANN was also used

in order to tune the parameters of PID controller [39, 40]. Optimum temperature profile

with respect to specific process performance criteria was determined with the aid of ANN

[41]. Apart from ANN, principal component regression (PCR) [42], least-square regression

[3] and a linear time-variant state-space model [43] were also used as data-driven model

during the control of crystallization processes. To the best of the authors knowledge, a fully-

automated experimental implementation and comprehensive assessment of the robustness

under disturbances of a data driven control strategy applied on a crystallization process

have not been not reported in the literature before.

Therefore, in this work, a data driven control strategy was presented and applied

on a pharmaceutical crystallization process. Proposed data driven control strategy was

based on radial basis functions network trained in real time with limited experimental

data. Comprehensive evaluation of the proposed control approached was demonstrated

through fully automated laboratory scale experiments in the presences of various sources

of process disturbances.
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2. Materials and Methods

2.1 Radial Basis Functions Networks

Radial basis functions (RBF), φ(x) shown in Eq. 1 are regarded as a special class

of function. Their distinctive feature is that the function’s response is symmetric and

increases or decreases monotonically according to the distance of a data point, x from

a central point, µ j [44–46]:

φ j(x) = φ(‖ x−µ j ‖) (1)

where ‖ · ‖ is a vector norm and usually an Euclidean one. Possible choices of radial basis

functions, φ() are the Gaussian, thin plate spline, multi-quadratic, inverse multi-quadratic

and biharmonic shown in Eq. 2 - 6 [44–48]:

φ(r) = exp
(
− r2

2σ2

)
(Gaussian) (2)

φ(r) =
r

σ2 log
(

r
σ

)
(Thin plate spline) (3)

φ(r) =
√

r2 +σ2 (Multi-quadratic) (4)

φ(r) =
1√

r2 +σ2
(Inverse multi-quadratic) (5)

φ(r) = r (Biharmonic) (6)

where σ is a scale or width parameter that controls the impact radius of each basis

function and the choice of σ = 1 was used in the literature for the function approximations

[49, 50]. Gaussian-like RBF monotonically decrease with the distance from the centre and

their high response only in a neighbourhood around the centre makes them local. Besides,

their finite response makes them biologically plausible. Oppositely, multiquadratic-type

RBF as shown in Eq. 4 response globally [44]. Traditionally, RBF networks have been

related to radial functions in a single-hidden-layer network beside input and output layer

as shown in Fig. 1. Each unit in the hidden layer represents a single radial basis function,

while each output unit is a weighted summation of the hidden units as represented in Eq.

7. The weighed connections are only the ones between the hidden layer and the output

layer. This eases the training of the network and rationalizes the choice of RBF compared
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to other nonlinear approximation models [44, 46, 51–53].

ŷ(x) =
m

∑
j=1

w jφ(‖ x−µ j ‖)+θ(x) (7)

where x is the vector of input variables, ŷ(x) is the RBF approximation of the real function
or response of y(x), m is the number of basis functions in the hidden layer and θ is an optional
biased term that can be incorporated as a constant polynomial term [54].

Figure 1: Radial basis function network: Each of n members of the input vector x feeds forward to m
basis functions. The outputs of the basis functions are linearly combined with the weights into the
network output y(x).

The unknown coefficients, w j can be found by minimizing the residual of the sum of
the squares of the deviations between the RBF approximations and the real responses
expressed as in Eq. 8 [50]:

R =
m

∑
i=1

[
y(xi)− ŷ(xi)

]2

(8)

In this work, the RBF toolbox developed by Jēkabsons (2009) [55] was used and the
work presented by Jin et al. (2002) [54] was followed. The performance of the trained
RBF network model’s predictions was quantified by means of calculating mean absolute
percentage error, MAPE as in Eq. 9 [56]:

MAPE =
1
n

n

∑
i=1

|Yi− Ŷi|
Yi

·100 (9)

where n is number of data points, Yi is the experimental value and Ŷi is the RBF-predicted
value.
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2.2 RBF Driven Control Strategy

The schematic diagram of the set up for RBF driven crystallization control experiments
can be seen in Fig. 2. The idea behind the RBF driven control strategy was to use RBF
network trained in real time by online and a reference batch data (or a golden batch data)
to optimize the control input of the jacket temperature set point. Optimization of the
jacket temperature set point was performed for a future time horizon with respect to a cost
function under imposed constraints. The objective of the cost function was to minimize
the differences between a reference state of the system and RBF-predicted state of the
system for the same future time horizon.

Figure 2: Schematic representation of the set-up for RBF driven crystallization control experiments.

Herein, time varied temperature measured by a Pt100 sensor and chord length distribution
(CLD) measured by a Focused Beam Reflectance Measurement (FBRM) sensor (as a footprint
of CSD) were regarded as two measured online data. They were used for training of the RBF
network. The reference state of the system was characterized by a CLD profile obtained from
a good batch (or preferably from a golden batch). Practical implementation and the concept
of RBF driven control approach were described in this section and the details of experimental
conditions and procedures were given in the next section. After the crystallization experiment
was initiated, the process followed a pre-defined temperature trajectory only during the first
90 minutes. In the meantime, temperature in the crystallizer and CLD data were collected
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with a sampling frequency, which was 10 seconds in this case. Afterwards, RBF control
was activated. Time varied temperature as input and CLD as output were used to train RBF
network. Two different strategies were employed for the structure of training data:

• Growing Data Strategy (GDS): Only experimental data collected until the training of
RBF, whose size increases as more data was collected during the experiments.

• Updated Data Strategy (UDS): A golden (a reference) batch data, which is partially
replaced with available experimental data.

The advantage of GDS is the requirement of only online experimental data. So, it can be
used also in the early stages of a process development, when there is no historical data (or
a reference data) actually available. However, at the beginning phase of RBF control the
experimental data is limited and this reduces the prediction performance of the model. On
the other hand, using only a golden batch data as training data lacks the information about the
current dynamics of the system, which becomes more prominent especially in the presence
of disturbances. Therefore, in UDS the perfect the training data (or a golden batch data) is
updated so that the current dynamics of the system is also taken into account while training
data is still rich. In that sense, if there is a disturbance in the process and this disturbance
affects the process (CLD profile in this case), it is considered. During the experiments, we
employed both GDS and UDS as follows: If the current system state was above the reference
state, the RBF was trained with only GDS. If the current system state was equal or below
the reference state, the RBF was trained with only UDS. This strategy can be rationalized
as follows: When the current CLD state is above the reference, heating can easily eliminate
the offset. However, when the current CLD state in the crystallizer is below the reference
state, simple cooling will not bring the current CLD state to the reference state. Because
crystallization is complicated, the crystal growth is slow and differs for each API compound.
Finally, after a degree of sub-cooling spontaneous nucleation occurs. In that sense, UDS is
more reliable, since it is enriched with data. Following the training, the trained RBF model
was then facilitated to optimize the temperature set-point to be sent to the thermoregulator as
control signal with respect to a cost function, J that is formulated as follows in Eq. 10:

J = min

{
∑

[
CLDRe f −ĈLDRBF

CLDRe f

]2
}

subject to Rmin(k) ≤ dT (k)
dt

≤ Rmax(k)

Tmin(k) ≤ T (k) ≤ Tmax(k)

(10)
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where CLDRe f and ĈLDRBF are reference and RBF predicted CLD, R is the heat-
ing/cooling rate and T is temperature. The optimization problem in Eq. 10 is solved
using fmincon function in MATLAB R2018b with respect to imposed constraints of Rmin is
-0.5 oC/min, Rmax is 0.5 oC/min, Tmin is 5 oC and Tmax is 35 oC. The solution of optimization
problem gave temperature set points, Tset , which was then sent to the thermoregulator as
control signals. The prediction horizon for Tset was defined as 30 minutes, which correspond
to 180 data points, while control horizon was the fist 5 minutes corresponding to 30 data
points. After implementing the control actions of the first 5 minutes (30 data points), the
RBF network was re-trained with the data set enlarged or updated with new 30 data points
and the optimization was re-performed. This procedure was repeated until the end time
of the crystallization process. The internal PID controller in the thermoregulator regulated
the cooling liquid temperature, TInternal in order to minimize the differences between TSet

and crystallizer temperature, TProcess. In general process control practice, controllers are
tuned with respect to an optimized closed loop response, by assessing some integral error
criterion such as integral of the absolute error (IAE), integral of the squared error (ISE) or
integral of the time-weighted absolute error (ITAE) [57]. In this work, we also calculated
IAE for the purpose of evaluating the performance of the internal PID controller of the
thermoregulator using the following Eq. 11:

IAE =
∫

∞

0
| e(t) | dt (11)

where e(t) is the error and calculated as the difference between the set point (CLDRe f )
and the measurement (CLDExp.). On the other hand, total cost of the change of actuator can
be computed by means of correlating to total variation, TV using the following Eq. 12:

TV =
n

∑
i=1
| ui+1−ui | (12)

where u is the manipulated variable (temperature) and the subscripts i and i+1 represent
the consecutive sampling time.

During the experiments, temperature data was collected and manipulated via a software
written in LabVIEW, National Instruments and a RS232 connection between the desktop
and the thermoregulator. CLD measurements by FBRM, which was connected via USB to
the desktop, was monitored using iC FBRM software. However, iC FBRM software reports
the experimental data only at the end of the experiment, when data recording is stopped.
Therefore, in order to access to the real-time FBRM data, we employed MATLAB OPC
toolbox that enabled the connection to iC OPC UA Client supplied by Mettler Toledo. RBF
training, prediction and optimization calculations were carried out in MATLAB R2018b.
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2.3 Experimental Procedure

2.3.1 Materials

Ibuprofen (CAS No: 15687-27-1) and ethanol 99.9 % were bought from Molekula
GmbH and Univar A\S, respectively.

2.3.2 Apparatus

The crystallization experiments were performed in a 500 mL laboratory scale crystallizer
from Radleys (Reactor-Ready System) equipped with a condenser, a cooling jacket and a
PTFE turbine impeller. The impeller speed was manipulated with a Hei-Torque 200 overhead
stirrer. Temperature was measured with a Pt100 temperature sensor. Huber Unistat Tango
was used as the thermoregulator. Chord length distribution (CLD) based on Focused Beam
Reflectance Measurement (FBRM) technique was measured with ParticleTrack G400 from
Mettler Toledo. Produced seed crystals were dried over night at 40 oC in a VACUTHERM
vacuum oven from Thermo Fisher Scientific. Crystal size measurements of the seeds based on
image analysis were performed using Particle Analyzer (oCelloScope) equipment applying
Standard Segmentation Algorithm, which was provided by the company ParticleTech ApS
in Farum, Denmark.

2.3.3 Seed preparation

Two cooling crystallization batches were performed to produce ibuprofen seeds. In the
first batch 445.0 g of bought product was dissolved in 500 mL ethanol, which corresponds to
the saturation concentration at 25 oC. Complete dissolution of ibuprofen was guaranteed by
heating up the suspension until 30 oC and keeping the solution at this temperature for half
hour. Afterwards, the solution was cooled down to 5 oC following two linear temperature
profiles. Firstly, the solution was cooled down with a 0.6 oC/min cooling rate between 30
- 18 oC. It was followed by further cooling with 0.33 oC/min cooling rate between 18 - 5
oC. Afterwards, the suspension was filtered under vacuum to separate the solid crystals
from the solution and washed two times. To dry the crystals completely, they were kept in
a vacuum oven for overnight. Finally, dry crystals were sieved using the sieve fractions of
425, 300, 180, 90, 45 µm. The amount of obtained seed material was the highest between
45–90 µm and 90–180 µm. These two fractions were used and named fraction A and C,
respectively. The second batch with 200 mL ethanol volume was also prepared following the
similar procedure. However, faster cooling rates were applied with the purpose of obtaining
smaller crystals. Therefore, 0.8 oC/min and 0.65 oC/min cooling rates were applied for
the same temperature ranges, respectively. In this batch, obtained sieve fraction of 63–125
µm, named fraction B, was used.
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2.3.4 Reference batch data

To obtain a reference batch data, a controlled cooling profile was applied. Because this
profile tends to minimize the nucleation in a seeded batch crystallizer due to the creation
of low supersaturation compared to linear or natural profiles [58]. Rest of the operation
parameters were selected consulting to the process experts so that seed growth dominates and
nucleation is minimized. Therefore, the conditions were selected as follows; i) a controlled
cooling profile for about 5.5 h, ii) initial supersaturation ratio of 1.05, since ibuprofen
crystallization from ethanol has a very narrow meta-stable zone [59, 60], iii) seed mass of 2
% and iv) the smallest seed size obtained from seed sieving, since as the seed size decreases,
surface area available for the growth of the seed crystals increases compared to the larger
crystals of the same mass. Thus, the supersaturation in the solution is consumed more quickly
by the growth of the seed crystals dominating over the formation of new secondary nuclei
[61]. Conditions of the reference batch data (GBE) are listed in Table 1.

2.3.5 Design of crystallization experiments

Initial supersaturation ratio, S0 impeller speed, NImpeller water content in ethanol solvent
and seed size distribution were considered as the sources of disturbances in the crystallization
control experiments. Using a fractional factorial design approach with two center points,
10 experiments were designed and can be seen in Table 1.

Total solvent volume in all crystallization experiments was 200 mL. Firstly, ibuprofen
amount corresponding to the specified initial supersaturation ratio in Table 1 at 30 oC was
weighted and mixed with the solvent. The suspension was heated up to 35 oC and kept at
this temperature for half hour to assure complete dissolution. The solubility of ibuprofen
in ethanol at 30 oC is 1.36 kg/kg. Before the experiments started, the solution was cooled
down to 30 oC. After approximately 3.03 g of ibuprofen seed was added, the solution
was kept at 30 oC for 10 min. with the purpose of aging. Afterwards, the experiment was
initiated. Crystal size distribution of the seed material based on a microscopy based image
analysis method and an example of microscopy images of the seed material can be seen
in Fig. 3. Different seed fractions were required to be used as different disturbances in
the crystallisation control experiments.

In the control experiments, during first 90 minutes a predefined temperature profile was
applied. This profile followed an equal-time cooling and heating trajectories. The purpose
was to enrich collected data in terms of not only cooling but also heating effects on the CLD.
During this time, CLD measured by FBRM and process temperature were recorded with 10
seconds frequency. At the end of 90 minutes, RBF control was activated and RBF control
strategy took over the temperature set point determination as mentioned in Section 2.2.
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Table 1: Reference batch experiment (GBE) and design of control experiments (DoE).

DoE No. Pattern S0 [−] NImpeller [rpm] Water [%v/v] Seed fraction

GBE 1.05 400 0.0 A

01 – – – – 1.00 400 0.0 A

02 + + – – 1.10 550 0.0 A

03 + + + + 1.10 550 5.0 C

04 – + + – 1.00 550 5.0 A

05 – – + + 1.00 400 5.0 C

06 + – – + 1.10 400 0.0 C

07 0 0 0 0 1.05 475 2.5 B

08 0 0 0 0 1.05 475 2.5 B

09 + – + – 1.10 400 5.0 A

10 – + – + 1.00 550 0.0 C

Figure 3: Calculated number based crystal size distribution of seed fractions obtained by sieving and
microscopy picture of seed material
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3. Results and Discussion

3.1 Reference Batch Experiment

The proposed RBF driven control strategy requires a reference batch (or a golden batch)
data in addition to online experiment data. The reference batch is an optimum or a golden
crystallization batch that delivered a desired a solid state attribute such a particle size
distribution or chord count profile, so-called reference crystal size profile, CLDRe f . During
all experiments with different disturbance scenarios, the proposed control strategy and
corresponding control actions should guarantee that the reference crystal size profile is being
caught and followed throughout the operation. If an established and running crystallization
process already exists, a reference batch data can be easily retrieved from historical data.
When this is not possible, how to obtain a reference batch data is a fundamental question
and challenge at the same time. However, we can propose several opportunities to create
a reference batch data. To illustrate, a validated mechanistic model of a crystallization
process can be used to optimize the operation profile that can be used as golden batch
data. Besides, laboratory scale experiments can be designed and performed implementing
supersaturation control or bringing process expertise with known conventional and successful
operation profiles.

In this study, a controlled cooling profile as shown in Fig. 4 was utilized to obtain a
reference batch data. Cooling profile was assured by sending temperature set point, TSet

to the thermoregulator. Internal PID controller of the thermoregulator manipulated the
internal coolant temperature so that the difference between set point and process temperature
was minimized. From Fig. 4, it can be clearly seen that internal PID controller in the
thermoregulator was able to control the temperature in the crystallizer very well. Process
temperature, TProcess followed very well the temperature set point. Corresponding counts
of chord length trajectories can be seen in Fig. 5.
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Figure 4: Controlled cooling profile was followed during the reference batch experiment. TProcess is
the temperature inside the crystallizer, TSet is the temperature set point sent to thermoregulator and
TInternal is the temperature of the cooling liquid in the thermoregulator.

The number of crystal particles with different sizes can be correlated and characterized
with the counts of chord lengths in different channels of FBRM statistics. However, the
choice of threshold for the separation of fine and coarse chord length is somehow random
and is subjected to arbitrary judgement [62]. In the literature, fine particles were associated
with the different channels of chord length such as between 1 - 10 µm [63], 1 - 20 µm [64] or
1 - 23 µm [65], while remaining channels of chord length were regarded as medium and/or
coarse particles. In this study, we divided the chord length channels into three class as 1 -
10 µm, 10 - 500 µm and 500 - 1000 µm. The graph at the top in Fig. 5 shows total chord
counts in defined channel ranges of the chord length. Sum of the chord counts between 10 -
500 µm followed very similar profile to total chord count in complete range (1 - 1000 µm)
that tended to differentiate towards the latest stage in the experiment (after 200 min.). This
differentiation was due the increasing number of crystals in the fine length classes (1 - 10
µm), which can be attributed to the secondary nucleation. Crystals grown above 500 µm
were not detected during experiments by FBRM probe. The graph at the bottom in Fig. 5
shows sum of square-weighted (chord-length-weighted) chord counts for different chord
channels calculated using the following Eq. 13 without normalization:

Sum of square-weighted counts =
N f

∑
i=N0

NLi · (Li)
2 (13)

where N0 and N f are the initial and final channels of the chord length range, NLi is the
measured chord count in the corresponding to the chord channel of Li.
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Figure 5: Chord count profiles measured by FBRM probe during the reference batch experiment:
Total chord count of different chord length classes (top) and sum of square weighted chord counts of
different chord length classes (bottom).

Square weighted function has been commonly used to emphasize coarse crystals, since
it is not sensitive to fine crystals [62, 66]. This can be also observed in Fig. 5, where sum
of square-weighted counts between 1 - 10 µm showed no sensitivity or change during the
crystallization process. On the other hand, sum of square-weighted counts between 10 - 500
µm increased continuously. Therefore, the profile of the sum of square-weighted counts
between 10 - 500 µm was decided as a reference trajectory, CLDRe f (Eq. 14) that were desired
to be followed during the RBF driven control experiments under process disturbances.

CLDRe f =
500

∑
i=10

NLi · (Li)
2 (14)
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3.2 RBF Driven Control Experiments Under Disturbances

The purpose of the design of experiments in Table 1 was to test and demonstrate the
robustness of presented RBF driven control approach with respect to various disturbance
scenarios. Accordingly, the same experimental procedure was followed for each exper-
imental design (DoE No. 1 - 10 in Table 1) and only listed known disturbances were
introduced to the system.

After RBF driven control was activated, RBF was re-trained total approximately 44 times
until the end of a crystallization experiment. To test the performance of RBF predictions, after
the optimized temperature set points were predicted for a future horizon, freshly trained RBF
model was then used to predict corresponding chord count profile (ĈLDRBF ). In this work,
biharmonic function was employed as radial basis function, which resulted in the best process
input-output approximation compared to other basis function. More information about
comparison of the performance of different basis functions can be found in Supplementary
Material. The performance of continuously trained RBF network model was quantified by
means of calculating mean absolute percentage error (MAPE) as in Eq. 9 [56] between
RBF predicted chord count profile and experimental chord count profile. Calculated MAPE
for all 10 experiments can be seen in Fig. 6.

Figure 6: Mean absolute percentage error calculated for the performance evaluation of the RBF
model predictions during the experiments.

At the beginning of each experiment, calculated error between RBF predicted and
experimental CLD profile was higher and this error tended to decrease below 5 % as the
experiment continued. As the experiments continued, RBF network was constantly re-trained
with the increasing amount of experimental data, which was rich in terms of current dynamics
and that’s why RBF performance tends to perfection.
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Following Fig. 7 shows CLDExp and temperature trajectory during the RBF driven control
experiment, numbered as DoE 09 in Table 1. In this experiment, the positive disturbances
on S0 and water content of the ethanol and negative disturbances on NImpeller and seed size
were given. When the RBF driven control took the control of the crystallization operation
(or deciding temperature) at 90 minutes, CLDExp profile in the experiment was below the
CLDRe f . RBF driven control took actions towards cooling the system until approximately
CLDRe f profile was being caught. Afterwards, it continued to cool down the system with
different rate (slope or ∆T/∆t) corresponding to a slower cooling profile. It can clearly
seen that the control strategy smoothly drove the system (measured CLDExp profile) along
with the reference chord count profile.

Chord count profiles of all the RBF driven control experiments are plotted in Fig. 8.
Proposed control strategy was able to handle all disturbance situations. Less than 10 %
deviation from the reference value was achieved not only the at the end of the crystallization
experiment, but also during the last approximately 3 hours in 8 out of 10 scenarios. In the
remaining 2 out of 10 experiments (DoE 01 and DoE 10), approximately 17 % deviation
from the reference value was obtained. In both experiment, negative disturbance was applied
on the initial supersaturation ratio, so there was no supersaturation at the beginning of the
experiment. This means essentially there was no driving force available or very low during
the experiment. This might be the reason why experimental CLDExp profile was lower than
the reference profile. Never the less, CLDRe f profile was being smoothly followed with an
offset. In such situations, one way to deal with might be that the system can be sub-cooled
so that nucleation is promoted. However, this method can have two major shortcomings:
i) it might not be economic to sub-cool and heat again especially for large scale systems
e.g. in industry, ii) nucleated crystals also consume supersaturation, so growth can still
be hindered due to low supersaturation available.

On the other hand, in all experiments, final temperature was above the final temperature
of the reference batch. But still CLDRe f profile was being followed by the control strategy.
Final temperature offset might bring the concern of yield loss. This can be easily handled
by updating the constraints of the objective function. To illustrate Tmax set as 35 oC during
the experiment can be decreased to a lower value during the final stages of the experiment.
Instead of updating the constraint, one can also add a yield-related term into the previously
described objective function. In this study, in order to test the yield constraints, we decreased
Tmax constrain to 13 oC at the end of 5.5 hours (330 minutes) crystallization, and allowed RBF
driven system to continue for half hour more (until 360 minutes). In this case, as seen also in
Fig. 8, the final temperature of approximately 10 oC was achieved in DoE 1 and DoE 7.
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Figure 7: Chord count (Above) and temperature (below) trajectories during RBF driven control
experiment, DoE 09.

Finally, the performance of the control strategy in DoE 01–10 with respect to set-point
tracking and total actuator variation was also compared by means of IAE (Eq. 11) and TV
(Eq. 12), respectively and shown in Table 2. Calculated IAE values indicate that DoE 01 and
DoE 10 showed the worst performance with respect to set-point tracking, while total actuator
variations in these experiments were minimum. On the other hand, DoE 09, DoE 07 and
DoE 08 performed the best set-point tracking, respectively. The highest actuator variation
appeared in DoE 03, in which all the positive disturbances were introduced.
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Figure 8: CLD profiles of all RBF driven control experiments.

Table 2: Performance metrics of the control strategy in DoE 01–10 with respect to set-point tracking
(IAE) and total actuator variation (TV).

Performance Design of Experiments
Metrics Unit 01 02 03 04 05 06 07 08 09 10
IAE [1010 #µm2] 5.6 1.1 1.0 1.6 2.0 2.3 0.8 0.9 0.7 5.4

TV [oC] 51.5 75.5 85.2 62.9 65.5 67.3 74.5 79.8 71.3 53.4

3.3 Critical Comparison and Discussion

In the literature, a very limited number of studies applied data driven control strategies on
a crystallization process. A list of this studies can be found in Table 3. ANN was mostly used
as a predictive model in a model predictive control strategy. In these studies, ANN was trained
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offline with data from high number of batches. It was embedded in an MPC that decreased the
computational time required for solving the optimization algorithm (or problem) compared
to high fidelity population balance models. Objective was a set point tracking such as
supersaturation [35, 36, 38, 42], volume of massecuite [38], production rate [15] or solid state
related variables [15, 37, 38]. Tuning of the parameters of PID controller were also facilitated
using ANN [39, 40]. Besides, other data based models such as PCR for supersaturation set
point tracking [42], a least square regression for achieving target final crystal mass-count
and batch time [3] and a linear time-variant state-space model with the aim for minimizing
number of fines and controlling shape of CSD [43] were utilized. In the context of previous
data-driven control studies, we can formulate the strength of presented work as follows:

• A data driven control strategy based on RBF network was applied experimentally on a
pharmaceutical crystallization process and comprehensively evaluated under various
sources of process disturbances

• Proposed strategy is simple, easy to implement and require very limited data. Beside,
radial basis function network embodies a single hidden layer that eliminates the effort
for optimization of number of the hidden layers.

• On the contrary to previous studies, in which large amount of experimental data was
used to train the model offline, application of the presented strategy between different
scales is more straight forward. It is also possible in the absence of historical data.
Because, training of the data driven model is in real time with experimental data and a
reference batch data.

On the other hand, in the context of previous model-based and model-free control studies,
the new features of presented work can be formulated as follows:

• Time and effort required to developed a process model-based control with high accuracy
is much higher compared with data driven strategies. Trade-off between accuracy and
computational time of models based on population balances is much drastic. However,
there is already high number of available and free sources/toolboxes of data based
models.

• Control of supersaturation throughout the process (as in SSC technique) is an indirect
control of critical solid state attributes. It also requires also solubility curve knowledge
in advance. Proposed data driven strategy is much more robust compare to SSC
techniques, especially in the presence of disturbances (or impurities) changing the
solubility curve.



206 Paper E

• In DNC technique, several heating and cooling cycles are performed to determine
primary and secondary nucleation limits. Then the crystallization is further operated
below these metastable limits, so that the growth of the crystals is dominated (constant
crystal number). These metastable limits of the API-solvent system are highly
depended on the specific conditions of the crystallizer such as geometry, impeller
type, scale, impurities, etc. Hence, when the process is scaled-up, DNC-based
operation might necessitate to be redesigned. However, the proposed data driven
control strategy, due to its data-based adaptive nature, has the potential to handle such
system uncertainties.

Table 3: Data-driven control literature review for crystallization process.

Type Inputs∗ Outputs∗ Objective∗ Disturbance Testing

Rohani et al., 1999 [15, 34]

An auto-regressive exogenous (ARX) and ANN models were used as process model in a non-linear MPC of continuous

cooling crystallization of potassium chloride. Objective was to track set points of three variables representing CSD, ∆Tf ,

crystal purity, ∆Ts and production rate, Mp (ẇ f is fines dissolution rate, T is crystallizer temperature and ẇcla is the

clear liquor flow rate).

ANN-MPC ẇ f , T , ẇcla, ∆Tf , ∆Ts, Mp Meet ∆TfSet , ∆TsSet , MpSet No Simulation

Georgieva and Azevado, 2006 [35, 36]

A feed forward neural network for a fed-batch sugar crystallization was used to track supersaturation set point by

manipulating feed flow rate in a model predictive control system. Additionally, a second ANN was used in a knowledge-

based hybrid model (KBHM) used for the process simulation.

ANN-MPC FFeed S Meet SSet No Simulation

ANN (in KBHM) Tm, S,Pursol , vCrys BNN , GNN , β NN

Song et al., 2006 [39]

A diagonal neural network (DRNN) was used to auto-adjust its weights to vary PID controller’s parameters depending

on the influence of object’s parameter to the process output performance.

DRNN kP, kI , kD T or HLiq. Meet TSet or HLiq.Set No Simulation

Beyou et al., 2009 [40]

An instantaneous linearization of a neural network was utilized to automatically tune the parameters of the PID controller

implemented to a C sugar cane crystallization process. Aim was to track conductivity set point.

ANN FFeed Conductivity Meet RSet No Simulation

∗ ẇ f is fines dissolution rate, T is crystallizer temperature, ẇcla is the clear liquor flow rate, ∆Tf is a variable representing

CSD, ∆Ts is a variable representing crystal purity, Mp is production rate, FFeed is feed flow rate, S is supersaturation, Tm

is temperature of masecute, PurSol is purity of solution, vCrys is volume fraction of crystals, BNN is nucleation rate, GNN

is growth rate, βNN is agglomeration kernel, kP, kI and kD are PID controller’s parameters, HLiq. is liquid height in the

crystallizer, RSet is conductivity set point [%]
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Table 3 (Continue): Data-driven control literature review for crystallization process.

Type Inputs Outputs Objective Dist. Testing

Zhang et al., 2009 [42]

A batch to batch iterative learning control method, which was based on using PCR models updated batch-wise, was

developed to track supersaturation set point during batch crystallization of potash alum in the presence of disturbance

on the overall heat transfer coefficient, U.

PCR Tjin Meet SSet U Simulation

Damour et al., 2010 [37]

A nonlinear model predictive controller was used with an ANN predictor trained with industrial historical data as

internal model with the purpose of tracking the mass of crystals in the solution, mCrystal .

ANN-MPC FFeed mCrystal Meet mCrystal No Simulation

Suárez et al., 2011 [38]

Recurrent Neural Network (RNN) trained with industrial historical data was used as predictive model for four control

RNN-MPC 1 FLiquor VMassecuite Meet VMassecuite No Simulation

RNN-MPC 2 FLiquor Supersaturattion Meet SSet No Simulation

RNN-MPC 3 FSteam Supersaturation Meet SSet No Simulation

RNN-MPC 4 FLiquor vCrys and AM Meet vCrys No Simulation

Griffin et al., 2016 [3]

Multiple experimental data sets from several batch crystallization of the mineral darapskite were used to train a locally

weighted, constrained least-square regression model. Trained model was then used to optimum supersaturation set point

policies in order to achieve a specific target of a mass-count and a batch time.

Least-square regression S NChord and mCrystal Meet mass-count and tBatch No Sim. and exp.

Garg and Mhaskar, 2018 [43]

A linear time-invariant (LTI) state-space model was employed in a linear MPC with the objective of a) minimizing the

volume of fine crystals, VFine and b) controlling shape of product CSD in the batch crystallization of potassium sulphate.

LTI T , C CSD Min. VFines and CSD No Simulation

Montes et al., 2018-2019 [67, 68]

In our previous work RBF driven control is developed and assessed comprehensively in silico in the presence of

disturbances such as kb, kg, seed, solvent, water concentration.

RBF t, T LMean Track LMean profile Yes Simulation

This study

A data driven control strategy based on RBF network was comprehensively tested by means of fully-automated laboratory

experiments in the presence of disturbances such as initial supersaturation ratio, stirrer speed, water concentration and

seed size.

RBF t, T Sqrt Wt. CLD Track SqrtWt. count profile Yes Experiment

Tjin is inlet temperature of the jacket, SSet is supersaturation set point, U is overall heat transfer coefficient, FFeed is feed

flow rate, mCrystal is mass of crystals, FLiquor is liquor feed flow rate, FSteam is steam feed flow rate, VMassecuite is volume

of massecuite, S is supersaturation, vCrys is fraction of crystals, AM is average (in mass) crystal size, NChord is chord

count, tBatch is time batch, T is temperature, C is concentration, VFine is volume of fine crystals, t is time, LMean is mean

crystal size.
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4. Conclusions

A data driven control strategy based on RBF networks was presented and applied
experimentally on a pharmaceutical crystallization process. RBF network was trained in real
time with available experimental data of temperature and chord count profile measured by
FBRM and a reference batch data. The objective of the control strategy was to optimize
operation of the cooling crystallization (temperature profile) for a future horizon in order to
achieve desired reference chord count profile. In other words, the offset from the reference
chord count profile not only at the end, but also throughout the operation was aimed to be
minimized. Comprehensive laboratory experiments in the presence of various disturbances
were performed to test and demonstrate the robustness of the control strategy. Initial
supersaturation ratio, impeller speed, water composition (as solvent impurity) and seed
size were considered as the sources of the disturbances in the process. The experiments
were designed based on fraction factorial design method yielding 10 experimental condition
scenarios. Experimental results showed that implemented fully-automated data based control
was able to easily handle all case scenarios. In 8 out of 10 cases, experimental chord
count profile caught and followed the reference chord count profile with an offset less than
10 %. In the remaining 2 cases,the supersaturation was absent as negative disturbance.
The reference count profile was still being followed smoothly with 17 % offset. This
comprehensive study showed that RBF network driven control is a promising strategy that is
easy to implement, fully automated and relies on a limited data. The proposed control strategy
could be especially useful for supporting a quick process development and control, where
comprehensive process understanding and historical data are not readily available. However,
independent from implemented control strategy (model-based, model-free or data-based),
all techniques have some parameters that need to be identified. This requires measurements
from the crystallization system. Availability and variability of more data through advanced
sensor technologies (PAT tools) enhance understanding of the dynamics of the system. They
provide opportunities for advanced strategies and therefore improve the reliability of control
strategy as well as the efficiency of the manufacturing process.
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Abbreviations

Abbreviation Name
ANN Artificial Neural Networks

CLD Chord Length Distribution

CSD Crystal Size Distribution

DoE Design of Experiments

FBRM Focused Beam Reflectance Measurement

GBE Golden Batch Experiment

GDS Growing Data Strategy

IAE Integral of Absolute Error

ISE Integral of Squared Error

ITAE Integral of Time-weighted Absolute Error

MAPE Mean Absolute Percentage Error

PAT Process Analytical Technology

PCR Principal Component Regression

RBF Radial Basis Functions

SSC Supersaturation Control

TV Total Variation

UDS Updated Data strategy

DNC Direct Nucleation Control
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[61] P. J. Frawley, N. A. Mitchell, C. T. Ó’Ciardhá, and K. W. Hutton. “The effects of supersatura-

tion, temperature, agitation and seed surface area on the secondary nucleation of paracetamol

in ethanol solutions”. Chemical Engineering Science 75 (2012), pp. 183–197.

[62] Z. Q. Yu, P. S. Chow, and R. B. H. Tan. “Interpretation of focused beam reflectance

measurement (FBRM) data via simulated crystallization”. Organic Process Research &

Development 12 (2008), pp. 646–654.

[63] J. Schöll, D. Bonalumi, L. Vicum, and M. Mazzotti. “In situ monitoring and modeling of the

solvent-mediated polymorphic transformation of L-glutamic acid”. Crystal Growth & Design

6(4) (2006), pp. 881–891.

[64] B. O’Sullivan, P. Barrett, G. Hsiao, A. Carr, and B. Glennon. “In situ monitoring of polymor-

phic transitions”. Organic Process Research & Development 7 (2003), pp. 977–982.
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220 A. Supplementary Material for Chapter 3

The simulation performance of the batch cooling crystallization process model (parac-

etamol from ethanol at 40 rpm impeller speed) simulation is shown in Fig. A.1:

(a) (b)

(c) (d)

(e) (f)

Figure A.1: The simulation performance of the batch cooling crystallization process model of
paracetamol from ethanol solvent at 40 rpm impeller speed.
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B.1 Sampling from Input Uncertainty Space

Figure B.1: Sampling matrix for parameters reported by Mitchell (2012).

Figure B.2: Sampling matrix for correlated parameters reported by Meisler (2014).
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B.2 Sensitivity Analysis

B.2.1 Input design space

Table B.1: Input parameter design space for sensitivity analysis.

Parameter t f inal mSeed σSeed µSeed nCooling

Unit [min] [%] [−] [µm] [−]
Lower bound 60 0.1 5 150 1/3

Upper bound 180 5.0 20 350 3

Temperature profile is defined as:

Temperature = T0 +(t/t f inal)
nCooling · (Tf −T0)

where T0, Tf are initial and final temperature in [oC], and , t and t f inal are the current

and final time in [sec], respectively. The value of nCooling determines if the temperature

profile is linear, natural or exponential.
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B.2.2 Sampling from input design space

Figure B.3: Morris sampling with r = 20, p = 8 and ∆ = 0.57 from input design space.

Figure B.4: Sampling matrix based on 600 LHS from input design space for PCE based Sobol’s
indices.
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B.2.3 Parameter significance ranking

Figure B.5: Morris screening results.

Table B.2: PCE based Sobol’s sensitivity indices.

Total nucleation Yield
Ranking Si STi Ranking Si STi

nCooling 0.8593 0.9330 nCooling 0.7031 0.8201

mSeed 0.0528 0.1133 mSeed 0.0342 0.1670

tCooling 0.0033 0.0391 tCooling 0.0834 0.1622

µSeed 0.0105 0.0130 mSeed 0.0028 0.0295

σSeed 0 0.0001 σSeed 0 0.0018
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B.3 CSD Measurements

Figure B.6: Comparison of crystal size distribution measured with laser diffraction (top), FBRM
(middle) and image analysis (bottom) of product Exp P02.
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Figure B.7: Comparison of crystal size distribution measured with laser diffraction(top), FBRM
(middle) and image analysis (bottom) of product Exp P03.

Figure B.8: Comparison of crystal size distribution measured with laser diffraction(top), FBRM
(middle) and image analysis (bottom) of product Exp P04.
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Table B.3: Comparison of calculated d10, d50 and d90 based on different CSD measurement technique.

Name/Size LD FBRM IA IA(Vol)∗

Seed d10 6 3 10 41

d50 34 11 30 106

d90 214 35 66 230

Span 6.1 2.9 1.9 1.8

Exp P01 d10 122 24 10 186

d50 194 121 186 262

d90 338 260 286 394

Span 1.1 2.0 1.5 0.8

Exp P02 d10 214 30 10 330

d50 338 122 78 474

d90 542 299 450 638

Span 1.0 2.2 5.6 0.6

Exp P03 d10 70 9 6 198

d50 162 80 118 322

d90 310 211 306 494

Span 1.5 2.5 2.5 0.9

Exp P04 d10 58 16 6 150

d50 146 86 102 258

d90 410 197 234 438

Span 2.4 2.1 2.2 1.1

Span = d90−d10
d50

∗Number based size distribution obtained from image analysis

was converted to volume based distribution based on the

assumption of spherical crystals.
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C.1 Dynamic Compartmental Modeling

Compartmental volumes and volumetric flow rates at the beginning and at the end of

the antisolvent crystallization process are listed in Table C.4.

Table C.1: Volumetric flow rates between compartments and the volume of the compartments (Taken
from [24]).

Impeller Volumetric Flow Rate [m3/S]

speed Q1→2 Q2→3 Q3→4 Q4→1 Q2→5 Q5→6 Q6→1

40 rpm
t = t0 0.0101 0 0 0 0.0101 0.0101 0.0101

t = t f inal 0.0127 0.0026 0.0026 0.0026 0.0101 0.0101 0.0101

100 rpm
t = t0 0.0326 0 0 0 0.0326 0.0326 0.0326

t = t f inal 0.0400 0.0074 0.0074 0.0074 0.0326 0.0326 0.0326

Volume [m3]

Time C1 C2 C3 C4 C5 C6
t = t0 0.0351 0.0270 0 0 0.0200 0.0440

t = t f ull 0.0560 0.0430 0.0240 0.0310 0.0200 0.0440

Before the antisolvent addition starts, the compartments 5 and 6 are completely full with

the liquid, the compartments 1 and 2 contain some amount of liquid and the compartments 3

and 4 are completely empty. After antisolvent addition starts, firstly the volume of the liquid

in the compartments 1 and 2 increases up to maximum full compartmental volume. Once

these compartments are filled with the liquid, then the volume of the compartments 3 and 4

starts to increase due to the liquid filling. Besides, during the filling of the compartments 1

and 2, it is assumed that the volumetric flow rate between them (Q1→2) remains constant until

these compartments are totally full with the liquid. Afterwards, this stream (Q1→2) starts

to increase linearly and dynamically until final value is reached, while the compartments

3 and 4 are filled (since Q4→5 enters to the system). The volumetric flow rate between the

compartments 3 and 4, Q3→4 as well as between the compartments 2 and 3, Q2→3(t) are also

increased dynamically as filling of the top compartments start [24].



C. Supplementary Material for Chapter 5 & Paper D 231

C.2 Case Study 1 - Batch Cooling Crystallization

The sampling matrices created based on 350 random samples from kinetic parameters

uncertainty space and operation parameters design space are shown in Fig. C.1 and

C.2, respectively:

Figure C.1: The sampling matrix created based on 350 random samples from kinetic parameters
uncertainty space.
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Figure C.2: The sampling matrix created based on 350 random samples from operation parameters
design space.

Figure C.3: Morris sampling matrix for kinetic parameters.
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Figure C.4: Morris sampling matrix for operation parameters.

Table C.2 and Table C.3 show the significance ranking of the input kinetic as well as

input design parameters for different outputs of interest based on the calculated absolute

mean in the Morris screening method.

Table C.2: Ranking of the input kinetic parameters based on Morris Screening.

Output Yield d32 SpCSD Bnuc

Rank Parameter µ∗ σ Parameter µ∗ σ Parameter µ∗ σ Parameter µ∗ σ

1 C2 0.933 0.211 C2 0.955 0.149 C2 0.700 0.501 C2 0.552 0.320

2 Ea 0.137 0.089 C1 0.134 0.075 Ea 0.358 0.364

3 C1 0.132 0.084 Ea 0.105 0.061 nSec 0.252 0.237

4 g 0.039 0.018 g 0.030 0.013 g 0.157 0.150

5 kg 0.007 0.005 nSec 0.007 0.008 kv 0.142 0.130

6 kg 0.006 0.003 C1 0.137 0.090

7 kg 0.035 0.041

8 Kn 0.035 0.036

9 nPrim 0.008 0.007
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Table C.3: Ranking of the input operation parameters based on Morris Screening.

Output Yield d32 SpCSD Bnuc

Rank Parameter µ∗ σ Parameter µ∗ σ Parameter µ∗ σ Parameter µ∗ σ

1 tCooling 0.600 0.279 µSeed 0.850 0.235 σSeed 0.199 0.210 C0 0.423 0.260

2 nCooling 0.401 0.142 mSeed 0.393 0.293 nCooling 0.380 0.189

3 C0 0.339 0.232 C0 0.141 0.082 tCooling 0.243 0.358

4 µSeed 0.133 0.078 tCooling 0.136 0.105 mSeed 0.301 0.320

5 mSeed 0.125 0.120 nCooling 0.065 0.077 µSeed 0.202 0.172

6 σSeed 0.010 0.015 σSeed 0.048 0.049

Table C.4 and Table C.5 show the significance ranking of the input kinetic as well as

input design parameters for different outputs of interest based on PCE-based and ANN-

based Sobol’s indices.

Table C.4: Ranking of the input kinetic parameters based on PCE-based (R2 = 0.9975) and ANN-
based (R2 = 0.9997) Sobol’s indices, sensitivity output is process yield.

PCE-based ANN-based
Output Yield Yield

Rank Parameter Si STi Parameter Si STi

1 C2 0.956 0.964 C2 0.952 0.961

2 C1 0.019 0.024 C1 0.019 0.025

3 Ea 0.015 0.018 Ea 0.016 0.020

4 g 0.001 0.002 g 0.001 0.002

5 kv 0.000 0.001 kv 0.001 0.001

6 kn 0 0.000 Kn 0.000 0.001

7 nPrim 0 0.000 kg 0.000 0.001

8 nSec 0 0.000 kn 0.000 0.000

9 kg 0 0.000 nPrim 0.000 0.000

9 Kn 0 0.000 nSec 0.000 0.000
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Table C.5: Ranking of the operation parameters based on PCE-based (R2 = 0.9633) and ANN-based
(R2 = 0.9684) Sobol’s indices, sensitivity output is process yield.

PCE-based ANN-based
Output Yield Yield

Rank Parameter Si STi Parameter Si STi

1 tCooling 0.948 0.951 tCooling 0.521 0.551

2 nCooling 0.034 0.035 nCooling 0.317 0.33

3 C0 0.014 0.0.017 C0 0.118 0.143

4 σSeed 0 0.001 σSeed 0.009 0.018

5 µSeed 0 0.000 µSeed 0.012 0.012

6 mSeed 0.125 0.120 mSeed 0.010 0.007

C.3 Case Study 2 - Antisolvent Crystallization

Figure C.5: The sampling matrix created based on 600 random samples from operation parameters
design space.
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C.4 Process Risk Quantification

In the calculations, price of paracetamol and acetylsalicylic acid are assumed to be

4.0 $/kg [55] and the price of ethanol is assumed to be 0.37 $/L [56]. The histogram of

the predicted probability distribution of Yield% and d32 obtained from 600 Monte Carlo

simulations of antisolvent crystallization process model are shown in Fig. C.6 (on the

left size), respectively. Cumulative density functions of the probability distributions were

calculated for corresponding product quality measures and and shown in Fig. C.6 as well

(on the right side).

Figure C.6: Histogram of of the predicted probability distribution of Yield% and d32 obtained from
600 Monte Carlo simulations (on the left size). Cumulative density functions of the predicted values
(on the right side).
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Comparison of mean absolute percentage error (MAPE) calculated via Eq. 9 for different

radial basis functions is shown in Fig. D.1 as follows:

Figure D.1: Comparison of mean absolute percentage error (MAPE) calculated via Eq. 9 for different
basis functions; BH: Biharmonic, MQ: Multi Quadratic and IMQ: Inverse Multi Quadratic, TPS: Thin
Plate Spline, G: Gaussian.
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