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Summary

The pharmaceutical manufacturing industry is going through a transition to
meet higher efficiency standards. A switch from batch to continuous processes
will lead to more flexible, more controlled and more sustainable production.
Tablets are the most preferred dosage forms for pharmaceuticals, yet in some
cases their production requires intermediate processing to enhance powder
flow. The innovative GEA ConsiGmais a process that applies twin-screw wet
granulation to achieve this. The fluid bed dryer in this process has a unique
semicontinuous design, one that creates an intricate amalgam of mechanisms
that affect drying performance. There is a need for more understanding to
optimise the operation and experimental efficiency on this system.
Enter the Process Analytical Technology directive, the guidelines of the U.S.
Food and Drug Administration to the pharmaceutical industry to modernise
the manufacturing methods and emphasise on building process understanding
with the aim of Quality by Design. Mechanistic modelling features herein
for gaining process knowledge and building it into a tool that can be used
computationally, reducing the need for experiments. Good modelling practice
and adequate experimental data are, however, required to create robust and
mechanistically correct models. In modelling the dryer system in this thesis,
special attention is thus paid to use good methodologies.
Starting from a mechanistic single particle model, a hybrid model was conceived on the drying behaviour in the semicontinuous system. The effect of
granule size, which is not often validated, was included in the model. The model achieved validation when the fluidisation conditions in the dryer remained
ix

similar, but not when they changed. Another hurdle was that the available
data, the average moisture content per granule size class, was not sufficient to
completely capture the drying behaviour. It was namely probable that the water content of granules during drying varies widely due to the semicontinuous
system.
In the next step an appropriate data collection was composed for measuring
the water level and size of individual granules. A near-infrared chemical imaging setup captured images and spectral information of the granules, which
were dispersed on a conveyor belt. Several challenges were overcome: the
image processing required a special background detection method based on
Classical Least Squares and both Partial Least Squares regression and Elastic
Net regression were used as calibration models, of which the latter improved moisture content prediction. The measurement setup was then used to
successfully determine the 2D moisture-size distribution of batch fluid bed
dried granules. The same measurement method was applied to measure moisture on a ConsiGma-1 dryer. The measured water content distributions
showed clear trends and features of the fluidisation behaviour that was observed in the dryer.
Another poorly understood phenomenon is the breakage of granules after passage through the dryer. A population balance model was applied to describe
this process, which is related to the remaining moisture content of the material. High-resolution particle size distribution data was used and interpreted
by means of compositional data techniques in order to incorporate experimental variability into the model objective function. The obtained model could
predict the resulting types of distribution well, but did not achieve validation
on all datasets.
Overall, this thesis fortifies some of the pillars of dryer modelling: characterisation of semicontinuous drying, the potential of chemical imaging for this
and accurate interpretation of particle size distribution data. These are aimed
to support the mechanistic modelling of semicontinuous drying.

x

Samenvatting

De farmaceutische industrie maakt een transitie door om hogere efficintienormen te bereiken. De omschakeling van batch naar continue processen zal
leiden tot een meer flexibele, meer gecontroleerde en duurzamere productie.
Tabletten zijn de meest verkozen doseringsvormen voor farmaceutische producten, in sommige gevallen vereist de productie ervan echter een intermediaire
verwerking om de vloeieigenschappen van het poeder te verbeteren. De innovatieve GEA ConsiGmalijn is een proces dat natte granulatie met dubbele
schroef toepast om dit te bereiken. De wervelbeddroger in dit proces heeft een
uniek semi-continu ontwerp, n dat een ingewikkeld samenspel van mechanismen creert dat de droogprestaties benvloedt. Er is behoefte aan meer inzicht
in deze mechanismen teneinde de werking en experimentele efficintie op dit
systeem te optimaliseren.
De U.S. Food and Drug Administration publiceerde hieromtrent de Process
Analytical Technology-richtlijn om de farmaceutische industrie aan te sporen
en te begeleiden in het moderniseren van de fabricagemethoden. Hierbij werd
de nadruk gelegd op het vergaren van kennis van processen, dit om Quality
by Design na te streven. Mechanistische modellering fungeert hierin bij het
verkrijgen van proceskennis en eveneens het inbouwen ervan in een hulpmiddel
dat computationeel kan worden gebruikt. Hierdoor wordt de nood aan experimenten verminderd. Goede modelleringspraktijken en adequate experimentele
data zijn echter vereist om robuuste en mechanistisch correcte modellen te maken. Bij het modelleren van het droogsysteem in dit proefschrift wordt daarom
speciale aandacht besteed aan het gebruik van goede methodiek.
xi

Vertrekkende van een model gebaseerd op het drooggedrag van individuele farmaceutische granules werd een hybride model bekomen over het drooggedrag
in het semi-continue systeem. Het effect van granulegrootte op droogsnelheid
- een effect dat niet vaak wordt nagegaan - werd in het model opgenomen.
Het model bereikte validatie wanneer de fludisatieomstandigheden in de droger vergelijkbaar bleven, maar niet wanneer deze veranderden. Een andere
hindernis was dat de beschikbare experimentele data, i.e. het gemiddelde
vochtgehalte van granules per zeeffractie, niet voldoende informatief waren
om het drooggedrag volledig te beschrijven. Er werd gehypothetiseerd dat het
watergehalte van de granules tijdens het drogen sterk varieert als gevolg van
het semi-continue systeem.
In het volgende hoofdstuk werd een meetmethode voorgesteld om het vochtgehalte en de grootte van individuele granules te bepalen, teneinde de variatie in
vochtgehalte in kaart te brengen. Een meetopstelling met near-infrared chemical imaging legde beelden vast van de granules, die op een rolband werden
verspreid. Deze beelden bevatten ook spectrale informatie voor het bepalen
van de samenstelling van de granules. Hierbij dienden een paar hindernissen overkomen te worden: de beeldverwerking vereiste een speciale achtergronddetectiemethode op basis van Classical Least Squares en zowel Partial
Least Squares regression als Elastic Net regression werden gebruikt als kalibratiemodellen, waarvan de laatste methode het best het vochtgehalte voorspelde. De meetopstelling werd vervolgens gebruikt om de tweedimensionale
vochtgehalte- en grootteverdeling van granules te bepalen. Dit laatste werd
uitgevoerd op granules die gedroogd werden in een wervelbeddroger van het
batch-type. Hierna werd dezelfde meetmethode ingeschakeld om vochtgehaltedistributies op een ConsiGma-1 droger te meten. De gemeten verdelingen
vertoonden duidelijke patronen. Ook de kenmerken van het fludisatiegedrag
dat visueel werd waargenomen in de droger, konden ontwaart worden.
Een ander minder goed begrepen fenomeen is het breken van de granules na
passage door de droger. Een populatiebalansmodel werd toegepast om dit
proces te modelleren. Hierbij werd een verband gelegd met het resterende
vochtgehalte van het materiaal. Partikelgroottedistributies van hoge resolutie werden gebruikt en genterpreteerd door middel van compositionele dataxii

technieken om experimentele variabiliteit in de objectieffunctie op te nemen.
Het verkregen model kon de resulterende distributietypen goed voorspellen,
maar bereikte geen validatie volgens het vooropgestelde criterium.
Over het geheel genomen versterkt dit proefschrift enkele van de pijlers van
modellering van droogprocessen, dit door middel van de beschrijving van semicontinu drogen, het aantonen van het potentieel van chemische beeldvorming
hiervoor en tevens de nauwkeurige interpretatie van partikelgroottedistributies. Deze zijn bedoeld om de mechanistische modellering van semi-continu
drogen in de toekomst te ondersteunen.
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Ẋ

xxii

s
K
K

m3
N/A
kg kg−1
kg kg−1
N/A

Sign

Description

Xe

equilibrium moisture content
average residual moisture
content
average residual moisture
content per size fraction
PBM internal coordinate
change in moisture content
over time

kg kg−1

response variable matrix
continuous phase vector
pixel longitudinal coordinate on spectral image

N/A
-

X
Xf
x
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CHAPTER 1
Roadmap of the thesis

In process engineering, mathematical modelling is a great asset to gain and
capture knowledge on the production system and use those models for prediction, reducing the amount of experiments, optimisation and process design.
The extent of these benefits however depends on the quality (and type) of
the model, which is in fact closely related to the quality and interpretation of
the experimental data used to build the model. This dissertation aims to improve both these aspects in the case of pharmaceutical tablet manufacturing,
more specifically on the drying system in a novel continuous pharmaceutical wet granulation line. This process plays an important role in the current
high-priority transition of pharmaceutical production towards continuous manufacturing. The drying module has a unique design that blends advantages
of batch and continuous lines into a semicontinuous process.
This thesis revolves around the application of mathematical modelling to this
drying system, in specific the matching the richness of models with the amount
of information in experimental data. Two important phenomena occur to the
material that passes through this operation: drying and breakage. Each of
these phenomena are modelled in this thesis and in both cases challenges were
posed in using the experimental data. For drying, the applied model appeared
to perform insufficiently, due to incompleteness of both the model hypothesis
as well as the information in the available experimental data. In this case,
a new experimental method was built to gain the understanding required for
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this drying modelling. In the case of breakage, another scenario was found, as
the available data beared information at a high resolution. Here, the question
was solved as to which part of that information was most reliable and most
valuable to train the model to. In the remainder of this summary, the structure
of the thesis is discussed in more detail.
The pharmaceutical manufacturing industry, in charge for bringing medicines
to patients in a safe, effective and convenient way, is in the process of modernising its production. This transition introduces several new manufacturing
concepts, among which continuous configuration and process analytical tools
are the most prominent. This thesis delves into a part of the methodology
that is being implemented in the transition. It is namely written, as nonbinding recommendations, by the regulatory institution of the FDA that ”this
guidance facilitates innovation in development, manufacturing and quality assurance by focusing on process understanding”. This thesis revolves around
building this process knowledge through mathematical modelling. A specific
type, mechanistic modelling, is focused on because of its features of generating process understanding while at the same time creating workable models.
This type of modelling also contains some pitfalls, which is why this thesis
revolves around augmenting the interpretation and methodology in this field
in application to pharmaceutical tablet production. The pharmaceutical manufacturing transition, mechanistic modelling and its place in this transition
are discussed in Chapter 2.
A key process in the manufacturing of pharmaceutical oral solid dosages, i.e.
tablets, consists of improving the powder flow that is present in high-speed tabletting. This is done by granulation, a process that wraps the powder crystals
into larger agglomerates in which the original powder can still be distinguished. The method of wet granulation is considered in this thesis, which adds
liquid to achieve agglomeration. This process is the core of the ConsiGma25 continuous granulation line that is available at Ghent University. This
moisture needs to be removed by the subsequent semicontinuous drying step,
which is the core subject of study in this thesis. The dryer is of the fluidised
bed type, which introduces a gas stream at the bottom of the material to
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be dried in order to make the granules behave as a fluid. This brings some
advantages that make fluidisation into a widely applied drying method, yet
the dynamics and mechanisms of the process are quite complex and still not
fully understood. All of this is documented in Chapter 3 and concludes the
general introduction in this dissertation.
The technical chapters of the thesis involve model-based and experimental
studies into the drying process. Chapters 4 to 6 deal with the change in
moisture content whereas Chapter 7 investigates breakage modelling of the
size change of the granules. The thesis work is a continuation of the work
of (Mortier et al., 2012), where a model was applied to describe the drying
behaviour of individual pharmaceutical granules. In Chapter 4, this model
was worked into a format with the aim of describing the drying behaviour of
granules dried in the ConsiGmasystems. The semicontinuous aspect of the
dryer render it an interesting amalgam of batch and continuous features, with
the mechanisms therein being unique. The data collection of De Leersnyder
et al. (2018) on this system was used to compose the model. A working version
was found by additional modelling of the equilibrium moisture content of the
granules in function of air temperature, as well as an empirical addition to
enforce the prediction of drying behaviour in function of granule size.
Still, this model only applied when fluidisation conditions remained constant.
The exception was the influence of inlet air temperature, which was captured well by the model. The changing air conditions during drying were not
accounted for in the model of Chapter 4, which is the natural cause for the
drying model’s incapability on generalising to other fluidisation conditions.
It was clear that simple representations of the ConsiGmadryer are not sufficient to capture its mechanisms. Yet complex phenomena can only be described rigorously by insightful data. The key property of semicontinuous drying
of the ConsiGma system is its continuous inflow into a dryer cell, which makes that granules that are part of the same mini-batch start to dry at different
times. This leads to the hypothesis that moisture content is a distributed
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property, i.e. granules of the same size in the same mini-batch could exhibit
a wide variation in moisture content.
For this reason, the study pursued with constructing a measurement method
on determining the water content of individual pharmaceutical granules, as
well as their size. Chapter 5 revolves entirely around this. The technique
of near-infrared chemical imaging proved to be suitable to take images that
allowed to gather both chemical as spatial information on the granules. The
setup involves taking freshly dried granules, cooling them down, dispersing
them on a conveyor belt that passes the hyperspectral camera and subsequent
image processing to get the moistures and sizes of the granules. In the latter
step, the way that the images were composed necessitated a special background
detection strategy based on Classical Least Squares (CLS). For relation of the
obtained spectral data to the actual moisture content, a calibration model
was created based on the measurement of granules with both near-infrared
chemical imaging (NIR-CI) and loss-on-drying (LOD). Two strategies were
used: Partial Least Squares regression (PLSR) and Elastic Net regression
(ENR). The quality of both models was similar, with ENR consistently slightly
outperforming Partial Least Squares (PLS).
The performance of the new measurement technique is evaluated on batch
fluid bed dried granules (Glatt GPCG1). As there is no reference technique to
experimentally verify actual moisture content distributions, the results from
the NIR-CI data collection were compared with the average water content per
size fraction, as measured by sieving and LOD. The NIR-CI data, processed by
either method, estimated the average granule moisture content of the granules
after drying slightly higher than the LOD-per-size-class. This could indicate
that the method is either not accurate yet or that cooling of the granules preserved the water levels in the granules better.
The 2D measurement was then evaluated on semicontinuous drying in Chapter 6. A ConsiGma-1 system was used for this study. Its granulator is nearly
identical to the one of the ConsiGma-25 and the perspex wall of the singular
dryer cell allows visual observation of the fluidisation behaviour. The NIR-CI
measurements confirmed that water content varies significantly for granules
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of the same size and that this distribution changes over drying time. At the
onset of the additional drying time after filling, the spread in moisture content
within a size fraction is around 5 wt%, which reduced to approximately 2 wt%
around the drying endpoint.
The results also indicated that when the bed mass is increased, the drying
time needs to rise proportionally to achieve the same moisture content. The
shape of the moisture distributions, however, did not vary much. Any effect of
filling rate could also not be observed yet, due to the differences being in the
range of the experimental variability. It was thus also concluded that the conditions in which the measurement occurs could be more standardised. Despite
that, the found moisture distributions exhibited clear patterns over the course
of drying. They were also on par with the fluidisation phenomena related to
the inlet airflow, as the bad fluidisation observed while conducting the drying
experiment could also be detected in the NIR-CI data.
Next to drying, also granule breakage occurs during passage in the ConsiGmadrying system. De Leersnyder et al. (2018) already established that
the wetter the material was when leaving the dryer, the more intense the breakage was. Most of that size reduction thus happened in the transport of the
material to and from the dryer, inflicted by the pneumatic transfer through
narrow tubes. In Chapter 7, this phenomenon is modelled by a population
balance model. The breakage model required description of the rate at which
granules break and what size of fragments they are broken into. For the former, a power law relation was in place and on the fragment sizes a log-normal
distribution resulted in the best fit to the data from De Leersnyder et al.
(2018). Both phenomena were also empirically related to the water content of
the material.
In this chapter, special attention was paid to the objective function of the model. The question of what the most reliable and most important information
in PSD data is, was solved by taking into account the experimental variability over the size bins. Regular PSDs are expressed in fractions (number or
volume), which do not allow direct computation of variance. Techniques from
the field of compositional data thus needed to be applied and transform the
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original fractions to ratios and then to their logarithms, which takes away the
constraint that all values in the PSD must sum to 100 %. Using this in the
model objective function proved to give different results than simply calibrating to the volume fraction PSD. The estimated parameter values were less
correlated. Because of the transformation, different parts of the PSD were
emphasised in the calibration. Even the ratios of the amount of particles of
the smallest sizes, which do not have large values when expressed in volume
fractions, played a prominent role in the model composing.
The model was tested on data not used for the calibration stage. The breakage
parameter values were then calculated from the remaining moisture content
measured in the samples in De Leersnyder et al. (2018). The model did not
achieve validation for all experiments, which could have been due to the experimental error in the latter moisture content measurement or due to the lack
of a certain mechanism in the model. However, the population balance model
was successful in predicting PSDs of the same shapes as the experimentally
measured ones.
The overall conclusions and future outlook on the work contained in this dissertation are given in Chapter 8, organised as to whether they improved the
knowledge base on the dryer system or provided methodological advances. In
general, the drying operation proved to be complex and advances were made
in understanding the system and channelling the knowledge for usable and
robust mathematical models.

PART I
INTRODUCTION

CHAPTER 2
Mathematical modelling for the
pharmaceutical industry

In this first chapter, the current situation of pharmaceutical manufacturing
is depicted, leading to the reasons for mathematical modelling to be fully
embedded in its process engineering. In short, the industry can modernise its
production and gain a significantly higher economic and material resource efficiency. It benefits from implementing new, continuous manufacturing methods
and is finally harnessing the power of computational and sensoring resources.
Understanding of the novel processes, but also of the mathematical modelling
tools that are used to gain this knowledge, is a must for a reasoned transition.

2.1

A change in climate in the pharmaceutical industry

Pharmaceutical drugs, or medicines, encompass all substances produced to
cure, prevent or diagnose diseases or alleviate symptoms. They contain ingredients that are biologically active and thus should be handled and administered with care for an optimal effect. The industry that is behind the
discovery of these drugs, their development into administrable forms, the manufacturing of these into a controlled and transportable product and also the
marketing thereof, is called the pharmaceutical industry. The sector is among
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the ten most profitable ones and its revenue is substantial and rising: starting from $390.2 billion in 2001, the global pharmaceutical market garnered
$1204.8 billion in income by 2018 (Statista, 2019).
However, these numbers do not reveal the entire picture, as the pharmaceutical
sector is currently facing challenges. The costs of developing a new drug have
also been increasing, at a rate of 8.5 % above inflation, to an estimated figure
of $2.870 B per approved new medicine (DiMasi et al., 2016). This number
also takes into account the costs on the thousands of new molecular entities
that have been developed, of which only 0.0027 % receive the approval for
marketing (Federsel, 2003). The stages in the development of a new medicine
are shown in Figure 2.1.

Figure 2.1: Stages in the development of a drug in the pharmaceutical industry as regulated by the FDA. New molecule entities are
created and screened before an IND application. In this stage the
chemical patent is filed. The following stage encompasses three clinical phases with an increasingly large test population. When these
are successful, an NDA is submitted to gain approval on the sales
and marketing of the new pharmaceutical product, in this case in
the U.S.A.. Image source: World Federation of Science Journalists.

Pharmaceutical patenting gives another informative perspective on the cost of
drug development. Companies developing a new drug based on the discovery
of an active compound, also called originators, file a patent for this medicine
in the research phase. There is still a long road between this point and the
actual sale of the drug. The drug has to be proven effective for its intended use
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and safe for the patient. The approval for this is obtained from a regulatory
agency, such as the U.S. Food and Drug Administration (FDA), the European
Medicines Agency (EMA) and other government instances of each country. In
the U.S.A., the drug patent lasts for 20 years, yet because of the time that is
still spent on clinical testing and developing the dosage form before regulatory
approval, the company does not enjoy this patent exclusivity for the entire
span (Tuominen, 2011). The time from nominating a candidate drug, after
sifting through lead compounds with an adequate pharmacological activity,
to filing for regulatory approval of the finished dosage form is median 7.24
years, yet ranging from 3 to more than 21 years (Federsel, 2003). When the
patent then expires, the originators have to face competition of generic manufacturers. These companies can namely market a product based on the same
active compound, for which they do not have any costs on discovery and have
to put much lesser effort on regulatory approval (Tuominen, 2011). Finally,
it has become less prevalent that a drug is discovered that is applicable to a
large patient base. These are also referred to as blockbuster drugs when they
generate at least $1 B in revenue (Nicolaı̈, 2019). An analytics report on the
industry has shown that the estimated sales per approved product is declining,
meaning that the lately being discovered drugs have smaller patient populations. The number of addressable patients per approved drug has shrunken
with 15 % between 2010 and 2018. The older products of pharmaceutical companies globally make up the majority of sales with a share of 85 % (Cortellis,
2019).
Due to the absence of blockbuster drug discovery for originators, the return on
investment has declined for pharmaceutical companies, which prompted them
to act. Both companies and government instances thereby noticed that the
industry is not efficient in its resources. There is mention of a large wasteto-product ratio, which has some origins in the chemical synthesis of the formulation compounds (Sheldon, 1992, 2007, 2017), but can also be found in
the manufacturing process, both in its development and execution. The realisation that its manufacturing strategy and even quality control procedures
lag behind those of other industries such as chemicals and even food, urged
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for action. Therefore, the pharmaceutical industry is now set to reduce its
time-to-market and improve its production efficiency.

2.2

Transition from batch to continuous manufacturing

The pharmaceutical industry is not famous for its tendency to adopt new
technologies into its manufacturing body. This stems from the stringent regulations that the industry faces, which make any unconventional or even slight
process innovation into a hefty administrative task (Byrn et al., 2015). Filing
for the FDA for a new drug approval could lead to documents of nearly half
a million pages (Venkatasubramanian, 2009). The FDA, which had been urging for a more efficient process conduction for years, realised the inertia and
acted by providing regulatory guidance for a transition to new manufacturing
technologies, among which the use of continuous processes and the implementation of augmented quality control (FDA, 2004). A graphical depiction
of both batch and continuous manufacturing methods is given in Figure 2.2.
Decision support methods are already developed for oral solid dosage (OSD)
manufacturing to choose between a batch and a continuous process strategy
(Matsunami et al., 2018).
Batch manufacturing became the standard for pharmaceutical production,
after significant capital was invested in the ‘Pharma expansion’ during 80s
and 90s (Byrn et al., 2015). Something is produced in batch when the input
material is loaded into the process all at once and also all of the finished
product is discharged at the same time. None of the ingredients that are
necessary for the end product leave the system during operation of the process
(Lee et al., 2015).
The batch concept carries a few downsides. Batch processes suffer from inflexibility in output volume. The amount of material processed cannot vary
extensively in order to ensure a consistent output. Therefore, when at some
point the demand for certain product exceeds the production volume of its
batch process, then another batch processor, with the same output volume,
needs to be installed in parallel.
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Figure 2.2: Batch versus continuous processing. In batch manufacturing, the unit operations are discrete steps: material enters and
leaves the process all at once. Intermediate storage can occur between unit operations. In continuous processes the unit operations
are fully integrated into one manufacturing line through which material moves non-stop.

The inflexibility also brings burdens to the manufacturing study for a certain
drug, where in the beginning, processing tests are carried out on lab scale.
This is because these smaller systems consume less material. After the labscale, the material also needs to be process-validated (i.e. proven that the
intended product properties can be maintained on the process) on full-scale
(and often also pilot scale) equipment, which are capable of producing larger
volumes. For batch systems, the conditions within a lab and a full scale
process usually differ substantially. This means that, on each scale, a study
for optimal production conditions is necessary. The output volume inflexibility
thus brings along financial expenses for the manufacturing company in terms
of capital investment and materials and labour costs for process validation
studies (Vervaet and Remon, 2005).
When there are multiple different processes in a production line, referred to
as unit operations, the batch of material needs to be transferred from one to
another operation. This can be a laborious given. It also occurs that batch
processes require storage of the intermediate product. This takes up extra
space outside of the process during manufacturing.
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Finally, batch processing risks large amounts of material losses. End-product
testing is in place, which means that the quality of the product is verified
after process conduction. A sample is taken to represent the batch and tested.
When the test result is that quality was not sufficiently ensured in the sample,
the entire batch of material is discarded.
2.2.1

Continuous processing for more efficient manufacturing

Continuous manufacturing provides an answer to the aforementioned shortcomings of batch production methods. A continuous configuration means that
both input materials and product are continuously loaded and discharged from
the system throughout operation (Lee et al., 2015). Thus, by definition, output
volume inflexibility issues are abated. The production volume should, namely,
be controlled by the time that the equipment is running, making continuous
systems flexible in production quantity compared to the discrete batch configurations. This flexibility allows to meet different extents of product demand
and usually requires less capital investments in larger production hardware.
As the same equipment can produce on different scales, lab and full scale, any
additional process optimisation studies are avoided if the system’s workings
are well-understood. Other general benefits of continuous production are that
manufacturing lines take up less space (because no intermediate storage is needed) and that transfer of material from one to another unit operation is not
required, as product is continuously flowing downstream the process. That
increased automation can improve operator safety and reduce human errors.
Last but not least, the two process configurations require a different quality
testing approach. Batches are evaluated after production on a sample size
that is representative to ensure process sufficiency. In continuous lines, operation cannot be interrupted for quality assessment of the product of a certain
operation. The properties of the process stream should be monitored (in-, onor at-line). This requires appropriate sensing equipment to be adequately installed and maintained in the continuous line, yet these bring the benefit that
control actions can be taken downstream to act on certain deviating proper-
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ties or discard only the out-of-specification material when necessary. In the
counterpart, entire batches are approved or discarded.
It is thus no surprise that continuous manufacturing was voted to the top of
the key green research areas by the ACS GCI Pharmaceutical Roundtable,
a discussion group of the American Chemical Society, Green Chemistry Institute and several pharmaceutical multinationals (Jiménez-González et al.,
2011). Indeed, the main challenges for the pharmaceutical industry are also
considered to be the transition to continuous manufacturing, as well as more
sustainable processes (Gernaey and Gani, 2010). Yet also the augmented monitoring of the pharmaceutical production process is a major target, possibly
even the most important one.
Continuous manufacturing does have downsides as well. During the start-up
phase of the equipment, the processed material needs to be discarded as long
as the product does not meet the specifications. In a similar fashion, material
is discarded at shutdown of the process. Next to that, maintenance of the
Process Analytical Technology (PAT) on the continuous systems requires extra
man-hours (Matsunami et al., 2018).
2.2.2

Improving monitoring and control

Another important manufacturing goal, the implementation of altered monitoring and quality control, is actually necessary to enable continuous processing.
As mentioned in Section 2.2.1, continuous configurations rely on this monitoring for assessing the quality of the product (final or intermediate). This
goal is facilitated by a guidance on PAT, which the FDA defines as a system
for designing, analysing, and controlling manufacturing through timely measurements (during processing) of critical quality and performance attributes
of raw and in-process materials and processes with the goal of ensuring final
product quality (FDA, 2004).
The pharmaceutical industry is not spearheading with this initiative. Already
in the 80s, the oil and chemical industries obtained their efficiency augmentation thanks to the NeSSI initiative (new sampling-sensor initiatives) that
surfed on the wave of the increasing ratio of capabilities over cost (and size)
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of microprocessors. The Center for Process Analytical Chemistry (CPAC),
one of the first academic-industrial consortia, was the guide of this process
(Sherman, 2005). Yet the FDA guidelines are very necessary to overcome
the business-as-usual situation of the industry, in which new technology is rarely applied before it has proven its value on a specific product (Byrn et al.,
2015). The regulatory instances hereby create more clarity around the approval criteria for, and supported by, the new technologies of PAT and continuous
manufacturing (FDA, 2004).
The bottom-line of the PAT directive is that quality ought to be built in the
manufacturing process or, in other words, that processes consistently ensure
the quality of the product. This paradigm is referred to as Quality by Design
(QbD). This essentially becomes the addition of monitoring and control of the
process that, combined with a good understanding of the system, are solid
indicators of the product quality at any time during production. Knowledge
on the process is thus essential in this framework and that is what the current
dissertation deals with. Process knowledge can in the first place be collected
with experimentation on the process, gathering data that leads to insight in its
functioning. There may also exist hypotheses on the mechanisms going on in
the process, i.e. on the relation of the inputs and conditions of the system to
the output properties. These hypotheses can be written in mathematical form,
which allows them to be implemented and calculated by computational means.
This mathematical modelling, in combination with experimental data, makes
it possible to test, update, refine or even disprove these hypotheses. This event
is thus how process knowledge is built and verified. The implementation of
the models moreover allows for the computation to be repeated over and over
again and to be passed on to any peers applying the model.

2.3

Computational modelling approaches

Mathematical models are representations of the hypothesised behaviour of
a certain system and should carry essential system aspects, with knowledge
being presented in a workable form (Van Waveren et al., 1999). In this thesis,
the system is an industrial process, so the mathematics describe relations bet-

CHAPTER 2 MATHEMATICAL MODELLING FOR THE PHARMACEUTICAL INDUSTRY

17

ween input material properties, process conditions and output characteristics.
Models are thus the prepositions of the modeller on the process under study.
These models need to be implemented, built and tested as to how well they
represent reality. This workflow is proprietary to modelling and has its own
terminology, as shown in Figure 2.3.

Figure 2.3: Modelling workflow with elements of modelling terminology, figure by Refsgaard and Henriksen (2004).

The starting point of a modelling study is the conceptualisation of a model,
a theoretical description of a certain phenomenon of interest. This model,
available in mathematical formulation, is then translated into computer code
of a certain programming or modelling language. The next step entails setting
up the model to simulate the studied phenomenon as accurate as possible.
Simulations of this final model should then be tested to experimental data
that was not used in the set-up of the model. When this test fails, the previous
steps need to be reassessed in order to create a functioning model. Each of
the steps described here therefore involves a procedure that carries a name of
the modelling vernacular. The relevant modelling terminology is listed below.
 Model verification: determining that a model implementation accurately represents the developer’s conceptual description of the model

18

2.3 COMPUTATIONAL MODELLING APPROACHES

and the solution to the model (Oberkampf and Trucano, 2002; Refsgaard and Henriksen, 2004), or simply that the process model solves the
mathematical equations of the model correctly (Kremer and Hancock,
2006). After the model’s code is verified, the model can be executed and
compared to experimental data.
 Model calibration/parameter estimation: in case there are some
relations between variables in the model that require a quantification of
a certain parameter, calibration needs to be performed. This procedure
uses a (part of a) dataset to evaluate possible values for this parameter
in function of how well the model output matches the data at each tested value. Or, calibration is ‘the procedure of adjustment of parameter
values of a model to reproduce the response of reality within the range
of accuracy specified in the performance criteria’ (Refsgaard and Henriksen, 2004). Calibration also entails methods for efficient selection of
new parameter values to test in order to find the optimal value as soon
as possible. In case of multiple parameters requiring estimation, the calibration procedure needs to find the optimal and unique combination
of values for all of the parameters. Increasing the amount of estimable
parameters in a model thus burdens the calibration exercise.
 Model validation: assessment of whether a model accurately represents the reality. There seems to be inconclusiveness on whether validation is a test with a binary or continuous outcome. Refsgaard and
Henriksen (2004) here state that validation is ‘substantiation that a model within its domain of applicability possesses a satisfactory range of
accuracy consistent with the intended application of the model’. In other definitions the yes-or-no outcome of the question has been replaced
with the degree to which the model is an accurate representation of reality (AIAA, 1998). This model validation is not to be confused with
process validation in pharmaceutical manufacturing. The latter refers to
the ”collection of data to provide a degree of certainty that a particular
set of raw materials, equipment, and processes will produce the same
product time after time” (Geoffroy and Rivkees, 2008).
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These are the different steps in system identification, the process of constructing a model based on experimental data. Ljung (1987) contains an
exhaustive documentation on all entities in this process.
2.3.1

Types of models

There is a plethora of models that can be applied in pharmaceutical process
modelling, therefore it is convenient to organise them into different categories
according to their premise. Every model namely has a different strategy to
represent the real-world system, there are even different model types that
could be applied to the system depending on the goal of the model. In this
section, we will also use an intuitive example system for the explanation of
how the following types of models function, by modelling the cooking of pasta.
The most physically sound models are first-principles models. These are based
on incontestable physics laws, such as the conservation of mass in a system or
the laws of thermodynamics, for modelling a certain phenomenon. Depending
on what is focused on, first-principles models can vary in complexity and
computation effort. For instance, if we are interested in the amount of water
that the pasta has taken up from the boiling water, we can calculate that
based on the amount of water we added in the beginning, the amount lost
through evaporation and the amount of water that is poured after cooking.
This straightforward first-principles model is based on the conservation of
mass. In case we want to actually model the texture of the cooked pasta, we
need to add in models that describe these processes. In a first-principles way,
that requires a detailed description on the rate of heat transfer from the water
to the pasta, accounting for its shape and the water properties during cooking,
as well as the rate of water uptake and its effect on the viscoelastic properties
of the pasta. This depends on its porosity, the sorption and migration of water
through the starchy matrix and even molecular relaxation.
Computing the above model would require a lot of time in gathering the theoretical models, as well as a significant effort in translating these to code and,
finally, the simulation of a lot of interactions in the system. Therefore, the next
category of models could be used to reduce these efforts, while still taking into
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account a priori knowledge of the modelled system (Thompson and Kramer,
1994). Mechanistic models are namely still mathematical structures that describe the relationship between the modelled variables (Solle et al., 2017), yet
contain parts that are based on resemblance relations to the real-world system
(Godfrey-Smith, 2006). These are hypotheses on the mechanisms occurring
in the system, in which mechanisms are defined as conceptual representations
of entities and activities that compose a certain phenomenon (Gervais and
Weber, 2013). After the examination of the modelled system, the mechanistic
hypotheses can be built on the available physical knowledge of the system as
well as insight from experimental data. This type of model aims at incorporating all relevant mechanisms for an accurate prediction of the modelled
variables. They therefore do not need to cover all mechanisms going on in the
system if the modelling goal does not demand it (Cedersund and Roll, 2009).
Going back to the pasta case, one could mechanistically attempt to model the
water uptake, by representing the pasta as a long cylinder and, subsequently,
representing the water absorption rate in function of the water concentration
gradient over the radius of the pasta, multiplied with a diffusion coefficient.
The value of this coefficient needs to be found by comparing the model predictions to experimental data, this is the procedure of model calibration. Modelling the pasta’s texture could then occur by assessment of its length, which
is depicted in function of its original length and a factor relating this to the
water concentration (Nobile et al., 2003). These model coefficients are thus
representing the mechanisms on molecular scale (spaghetti hydration, macromolecular matrix relaxation) viewed from a larger scale, the one which is of
interest and much more convenient to simulate.
There is a fine line between mechanistic and phenomenological models, another type of representation of the real-world occurrences. Phenomenological
models simply describe the way a certain phenomenon occurs, without actual
modelling of the underlying mechanisms, only according to a model structure
that is known to fit the real-world observation. An example is the use of a
certain probability distribution to describe a population (Liberles et al., 2013).
In our cooking case, we could simply state that the length of the pasta strands
after boiling is normally distributed, with a certain mean size and variance
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that we check with experimental data. This only renders information on the
outlook of the phenomenon, not on why the population is distributed this way
(Geritz and Kisdi, 2012).
Lastly, coming from first-principles models as containing the highest degree
of established scientific relations, empirical or data-driven models are on the
opposite end of the spectrum. These are entirely based on experimental observations and are usually the easiest to calculate. Empirical models also do not
require hypothesising the mathematical structure of the mechanisms in the
system. Applying this to the example, imagine we have data on the texture
of the pasta leaving the water and an abundance of other properties such as
wheat concentration, porosity, water temperature etc., we could try to relate
these properties using empirical model structures. Doing so could generate a
working model that relates our properties of interest well, yet with less insight
as to what is the actual description of the physics of this phenomenon. In order
to train this type of models, a large amount of data is required. The predictive
power of data-driven models depends on its input data quality, resolution and
range, as these models cannot be extrapolated out of the conditions to which
they have been validated.
The aforementioned categories allow us to give an indication on the effort into
and value of the modelling strategy that has been taken. An interesting way
to assess these categories is by defining the concepts of model plausibility and
richness. Plausibility is the probability that a model is the true representation of the studied system, or ”that it is accurate in the existence of, and
distinctions between, the various entities and activities it postulates” (Gervais
and Weber, 2013). Model richness in information is the degree of detail that
is incorporated in describing the mechanisms entities and activities. In this
work, entities can be considered the model variables (such as water temperature and bubble size in the example) and activities are the relations between
these variables. The plausibility of first-principles models is thus higher than
the other categories, as these are established scientific theories. As the amount
of properties of the system that need to be described increases, the richness
in first-principles models needs to increase significantly to cope, whereas the
other model types are ways to represent the system’s mechanisms in simpler
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ways. Plausibility and richness can still vary within each model category and
independently of each other, however.
Models can also be an amalgam of different strategies. When a mechanistic
model is complemented with a data-driven part, such as a regression of an
estimated parameter, the name of the approach becomes ‘hybrid modelling’
(Solle et al., 2017). The mechanistic knowledge of the modelled system can be
complemented with an empirical representation of the unknown parts, leading
to a functioning model that captures the trends in experimental data despite
that not all the relevant mechanisms are understood (von Stosch et al., 2010).
The data-driven addition might even generate new knowledge on the empirically modelled mechanisms (Rudy et al., 2017), as the empirical components
of a hybrid model could be rationalised into mechanistic descriptions (Celata
et al., 1994).
Ljung (2010) presented a classification of model structures based on the the
degree of physical and empirical modelling contained in the model. Ranging
from white to black, white-box models capture the category that is purely
based on first-principles knowledge, black-box types denote purely empirical
models and (various shades of) grey-box models exist in-between with varying
degrees of empiricism.
2.3.2

Properties of mechanistic models

In this thesis, mostly the mechanistic approach for modelling is chosen, yet
some parts are defined as phenomenological or empirical. It is shown in this
section that this approach has some convenient advantages and applications,
yet also that there are some pitfalls one must watch out for.

Advantages
One could derive that empirical modelling would require the least effort in
model hypothesising and implementation, but these also require a sufficient
amount of data and have some features that confine the application of the model. Applying a mechanistic model always leads to increased understanding
of a system, as it answers the question whether the proposed and modelled
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mechanisms are sufficient to predict target variables accurately. In this process, the required and achievable model accuracy must also be well-defined
in order to objectively evaluate the model in light of the prediction goal. If
proven valid, a mechanistic model could be capable to predict the state of
the modelled variables in different system conditions than the ones used for
composing the model. This is not possible with data-driven models, which
most commonly lose their predictive power in new conditions and need to be
recomposed. When the validity space of the mechanistic model is considered
well and a new system falls within its limits, good predictive power can be
the case (Thilakavathi et al., 2006; Ben Yahia et al., 2015). The extrapolation
power of mechanistic models could even be used in conceiving processes that
do not yet exist, leading to model-based design (Solle et al., 2017). Another
benefit is that mechanistic models are anyhow interpretable, as each parameter should be relatable to a physical occurrence, whereas with a data-driven
approach it is sometimes difficult to discern a system’s underlying mechanisms
(Liberles et al., 2013). The pharmaceutical processes studied in this thesis are
novel and are still poorly understood. The modelling in this thesis is used to
gain knowledge on the present mechanisms and how these are affected by process settings. If verified, this process understanding can be used to reduce the
burden of process validation and product approval, something the guidance of
the FDA mentions (FDA, 2004).

Applications
When the validity space of mechanistic models is large enough, their extrapolation power can be convenient for a number of applications in process engineering. The model could be used for optimising the system operation with
respect to certain criteria, such a product quality or energy usage. Through
computation the best process conditions can be searched for. When the model takes into account the properties of the incoming material sufficiently well,
optimal process conduction could even be predicted for materials that have
not been examined on how to process them in the modelled system. In the
composition of a the model, certain mechanisms are likely to be derived from
observations in analogous systems. Any newly hypothesised mechanisms that
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are proven to work well on describing the system under study could therefore
also be applied well to other systems that are alike. Going a step further,
these could even be used in designing newer versions of the process, which is
what the field of model-based design revolves around. Computational power
can in this way be engaged in coming up with new and better designs for industrial processes. A swiftly computable model could be engaged in supplying
information in a process control system. When any calculations on relations
between process variables are applied for control purposes, the term modelpredictive control is used. Related to this are soft sensors, which use real-time
data on conveniently measured process variables (such as temperature or humidity) and a model to derive the current state on a product property that
is harder to measure. Mechanistic models, or even first-principles approaches,
could be engaged in soft sensors. It must be noted that it must be able to
compute the model fast enough for the application and that the development
time of such a model-driven soft sensor can be considered undesirable (Kadlec
and Gabrys, 2009).

Pitfalls
Mechanistic modelling thus offers a few benefits and applications as opposed
to other model strategies, yet these come at the prerequisite that the modelling
study was carried out with care. The creation and application of mechanistic
models is, namely, prone to insufficient assessment of the model results, leading to incomplete or wrong conclusions. Moreover, a severe consequence of
unfounded or inept application of modelling is a general loss of trust in these
models. Saltelli et al. (2007) point out that the wrongful validation of the model and/or its result, termed a ‘type three error’, are the most time-consuming
errors because these hamper learning on the actual issues that are faced.
It occurs that, for the same phenomenon, multiple competing mechanistic
models can arrive in literature (Pharr et al., 2010). It could be that there
is no conclusiveness yet on which of them is most applicable. The outcomes
of different models for the same mechanism might even differ in orders of
magnitude (Anantharaman et al., 2018). Mechanistic models also carry more
capability for application to systems that they have not been trained for, but
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this validity must be assessed carefully. The models might not harbour all the
relevant mechanisms for a robust performance in another system (Pörtner and
Schäfer, 1996).
Luckily, awareness of modelling pitfalls exists and is in certain fields being
collected into workflow guides, such as the ‘Good Modelling Practice’ in the
area of water management (Van Waveren et al., 1999). Gernaey and Gani
(2010) also emphasises the need for a comprehensive model-based systematic
approach instead of simply using models without preparation or critical reflection. Model quality is also better when the supporting experiments are
designed to allow accurate parameter estimation. In the ideal case the model
is sufficiently rich in mechanisms to describe the system phenomena with a
desired accuracy. Likewise, the richness in model output should be matched
by the level of detail in experimental data.

2.4

Summary

We conclude this chapter with the notice that the pharmaceutical manufacturing world faces efficiency challenges and is ready to undertake action. Computational means, in the form of mechanistic modelling in this thesis, are
beneficial for increasing this efficiency, as well as the knowledge on the processes that are being used. This thesis shows two modelling cases in the field
of drying in pharmaceutical wet granulation, which is described in the next
chapter. Attention is thus paid to defining any mechanistic models well, listing what these are capable of and what not. Also the quality of experimental
data is examined and augmented, in order to match the richness of the models
with measurements. This way contributions are delivered in showcasing model
application and reasoned analysis.

CHAPTER 3
Pharmaceutical wet granulation
and drying

The natural outcome of a granulation process is granular material, a term
stemming from the Latin world granulatus indicating material that consists
of, or resembles, small grains. Granulation in fact represents any process that
brings together small particles in larger permanent masses (Perry et al., 1997).
The granulation process is applied in various industries to reduce dust and improve the handling of the material (Parikh, 2005). Commonly known examples
are granulated instant coffee (and other food powders (Cuq et al., 2013)) and
fertiliser granules (Rosik-Dulewska et al., 2007). In the pharmaceutical industry, this process is used to enhance the handling of powder material in the
manufacturing lines.

3.1

Granulation in pharmaceutics

The earliest mentions of granulation with respect to pharmaceuticals traces
back to the 19th century (Skinner, 1862). This transformed the medicinal
powders into more agreeable, convenient, safe and efficacious forms, which is
the intention of pharmacy (Duncan, 1773). Pharmaceutical granulation was
driven by the invention of W. Brockedon in 1843: the tablet press. When the
more modern high-throughput tabletting devices arrived in pharmaceutical
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manufacturing in the 1970s, the demand for granulation increased (Parikh,
2005). The following section thus explains granulation of pharmaceuticals in
detail, whereas the subsequent part illustrates how it enhances processing.
3.1.1

Definition

Granulation is essentially a type of agglomeration, which is the sticking of
particles to each other. Whereas this is sometimes an undesired phenomenon,
such as in caking of powder during feeding, in pharmaceutical granulation it is
intended to enlarge the size of the material entities. Small particles are made
to agglomerate into larger structures in which the original particles can still be
distinguished. In the pharmaceutical industry, granulation is defined as the
agglomeration driven by agitation (Ennis, 2005). The original particles are
aggregated by moving them in process-specific ways and by mixing them with
other solids and/or introducing liquids that stimulate agglomeration. This is
in contrast to compaction for size-enlargement in which compression is used
instead of agitation. Ultimately, both agglomeration methods are in place in
a pharmaceutical tabletting process that incorporates granulation. The first,
granulation, is in essence in place to enable the second, compaction, to occur
in a robust and rapid way.
Pharmaceutical granules are thus powder agglomerates. The powder is actually a mix, or a blend, of the ingredients destined for the medicinal tablet.
The most obvious and essential components are the active pharmaceutical
ingredients (API), which exert the therapeutic effect on the receiver of the
medicine. In practice, a number of other powder components, also called ‘excipients’, can be added when necessary to facilitate the transfer of the active
pharmaceutical ingredient (API) to the site of uptake. These need to fulfil
several requirements: physical and chemical stability in contact with moisture, air and heat; chemical inertia with the other excipients and the API
and packaging components, among others (Jivraj et al., 2000). One type of
component, disintegrants, serves to breaking up the tablet in an aqueous environment, for an optimal release of the API (Moreton, 2008). Mechanisms
such as swelling, capillary action, disruption of inter-particle bonds and strain
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recovery contribute to this process (Desai et al., 2012). Another important
excipient, the lubricant, aides in the finishing of the tablet by reducing friction
with the tabletting die wall (Roberts et al., 2004). These lubricants modify
the surface properties of the crystals (powder) that they are added to and
can even enhance the original powder’s flowing quality (Zhou et al., 2011). In
other cases, this function is covered by so-called glidants (Alderborn, 2007).
Pharmaceutical diluents simply serve to increase the weight of the tablets for
better handling (Bayor et al., 2013). Diluents are also beneficial in controlling
content uniformity. Finally, binders are the excipients that create the mechanical strength of the tablet by adhering, or binding, the other formulation
particles together. The binder can be added in several ways. A dry binder is
mixed in with the other excipients before compaction. In wet granulation (see
Section3.1.3), liquid is added to the powder blend. In this process, binders
can also be added as powders, which then can dissolve partly or completely
in the added liquid. A solution binder though, is first dissolved in a liquid,
which is then added during granulation (Alderborn, 2007).
A granule can thus be a heterogeneous mix of active ingredients and excipients.
Their shape can also be quite irregular and deviating from sphericity, unless
spheronised. The structure and the size of granules depend on the granulation
device that was used, in combination with its process settings. The ideal size
for granules are estimated to be in the range of 150 µm to 1000 µm.
An examination of a cross-section of a pharmaceutical granule reveals its irregular structure. Figure 3.1 shows the results of a micro-CT scan, which
was performed with the sub-micron resolution system MEDUSA at the Centre for X-ray Tomography of Ghent University (UGCT). The resolution of
the scan was approximately 2.5 µm. The conversion of the raw images into
a structure available for cross-sectioning was done in the reconstruction software Octopus. The three-dimensional structure was generated with 3D Slicer
(www.slicer.org/, (Fedorov et al., 2012)). The image indeed reveals a structure wherein the original particles, of different crystal size and shape, are still
visible. Their surfaces are connected in a heterogeneously porous matrix. The
outer surface of the granule also proves not to be smooth, even exhibiting
certain extremities.
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(a)

(b)
Figure 3.1: µCT scan results of a pharmaceutical granule. a) The
outer view on the surface of the generated three-dimensional structure. b) Cross-section.

Despite these irregular shapes, granules are still enhancing the flow of materials
for fast tabletting, which is discussed in more detail in the next section.
3.1.2

Purpose of granulation

In pharmaceutical tablet production, direct compression of the powder into
tablets is still the most straightforward method. Powder blends are fed into a
high-speed tablet press and pressed into tablets. The addition of microcrystalline cellulose (MCC) into the blend, introduced the 1970s, greatly increased
the capability to perform this process (Parikh, 2005). Some products, however, do not flow well enough to make direct compression feasible. Powder flow
issues can occur, such as caking, where solid bridges between the particles hold
together a larger mass that can hardly be moved in the process, or segregation,
a displacement phenomenon in the powder bed where particles with the same
properties tend to gather in the same location.
Dosage is a very important variable for medicines, thus tablet manufacturing
processes need to assure the amount of active ingredients in their product well.
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When there are difficulties in having a powder flow steadily, obviously this
dosage, or content, uniformity is hard to control. This uniformity also depends
on the powder mixing performance in blender and granulator unit operations.
The dosage control becomes even more difficult as the dose is smaller and
only narrow variability is allowed. Granulation creates better control of these
issues. The components of the pharmaceutical formulation are mixed by the
agitation and held together in the agglomerates, an ideal granulation process
thus achieves a uniform content, and dosage, in its product. Granules have
better flow properties than powders (Shah et al., 2008). They stick less to
the equipment walls and have less tendency for caking. The bulk density
of granules is higher, thus rendering their storage more compact. This also
improves feeding to a tablet press. Finally, other advantages of granulation are
also reported with respect to control of solubility, dissolution profiles, porosity
and hardness (Ennis, 2005).
3.1.3

Twin-screw wet granulation

Granulation can either occur with or without addition of a liquid to the powder
blend. The former case, wet granulation, is considered one of the most pivotal
processes in the production of OSD. The most commonly found granulation
methods are high-shear and fluid bed granulation (Keleb et al., 2004). The
addition of liquid to the powder bed, also called the wetting stage, coats the
particles to a certain degree. This leads to a variety of types of liquid bridges
that can temporarily hold the powder particles together after agglomeration
(Kumar et al., 2013a).
The granulation device that produced granules for this thesis is a twin-screw
wet granulator, a high-shear type. Images of this system are given in Figures 3.2 and 3.3. Characteristic of this system is the combination of mixing,
conveying and kneading of the powder and liquid induced by two co-rotating
bars containing a combination of Archimedes screws and kneading discs. Other parts can also be placed on the bars, such as size-control elements. These
bars have a rotation speed up to 900 rpm. The advantages of a TSWG to other granulation techniques are a short residence time of the material, efficient
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use of granulation liquid, suitability for highly cohesive materials and better
granule properties (Kumar et al., 2013a).

(b)

(a)
Figure 3.2: ConsiGma-25 twin-screw wet granulation (TSWG). a)
Feeder and granulator of ConsiGma-25 system at Ghent University,
image source: Vercruysse et al. (2012). b) Schematic view of TSWG,
image source: (Kumar, 2015).

When the wet granulation route is used, a subsequent drying step needs to
take place to remove the moisture from the granules. This is necessary to
avoid wet material sticking in the process line and to ensure that the tablets
are dry enough to abate microbial growth during their storage (Iveson et al.,
2001).

3.2

Drying of pharmaceutical granules

The drying of solids has been done for ages and in many different fields, yet
it remains a complex and not well-understood process on microscale, due to
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Figure 3.3: Image of opened TSWG barrel of ConsiGma-25 system. Numbers indicate the order of the disc in the kneading zone.
Colourant was added to the liquid for tracer studies. Possible mechanisms in agglomeration and size change are given. Image source:
Kumar et al. (2015).

all the heterogeneous and dynamic phenomena involved in it. Moreover, these
occur on various length scales in the system, from particle to equipment level. In this section, the basics of drying are introduced first, as we move
on to the drying methods that are relevant for pharmaceutical wet granules:
semicontinuous and fluidised bed.
3.2.1

Drying basics

Drying is defined as the process that thermally removes volatile substances,
i.e. moisture, to generate a solid product. Any liquid of which the vapour
pressure is less than that of its pure form due to chemical or physical interaction with the solids is called bound moisture. The liquid on the solids of
which the vapour pressure equals that of its pure form is called unbound and
is, in fact, in excess. In drying, energy is transferred from the environment to
the substrate and used to evaporate the moisture. Sometimes energy is also
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necessary to transfer internal moisture to the surface of the solids. Convection,
conduction and radiation are common ways in which energy is administered
to the drying material. Transfer of liquid through the structure of the solid
can then occur through liquid, vapour and Knudsen diffusion and hydrostatic
pressure differences (Mujumdar et al., 2006).
When looking at the evolution of moisture content during drying, a characteristic drying profile can be discerned that applies to almost all materials.
The basics are as follows. The gradient between the vapour pressure of the
liquid in the solid to its partial vapour pressure in the gas that is supplied
determines the direction of mass transfer. When the difference is zero, no evaporation or condensation occurs. This is the equilibrium. The solids’ moisture
level at which this is in place with the surrounding gas conditions, is called
the equilibrium moisture content. In the characteristic drying curve, a stage
of steady evaporation is followed by a phase where the drying rate stagnates
and further decreases until it is zero, i.e. at equilibrium with the surrounding
environment. The liquid level at which this second phase kicks in is called the
critical moisture content. The first phase denotes the evaporation of liquid on
the surface of the substrate, whereas the resistance to drying is higher in the
second phase. Here, the bound moisture needs to overcome its interactions
with the substrate and/or migration to the surface of the solids (Mujumdar
et al., 2006).
3.2.2

Semicontinuous fluid bed drying

Many types of dryers exist to create the optimal conditions for each material.
Drying of pharmaceutical granules must happen fast enough to abate any
microbial growth. An efficient drying process is desired regarding energy and
material input. This boils down to achieving a high rate of heating the material
and evaporation of liquid. At the same time, the conditions must be so that
the material structure is preserved. Any agitation cannot be so high that the
granules would suffer from severe breakage.
Over 400 types of dryers have been reported, making drying one of the most
common and diverse unit operations in chemical engineering. About 85% of
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all industrial drying systems employs convective drying. Of the latter type,
fluidised bed drying is commonly used to dry particulate and granular material
in several fields.
Fluidisation is the process of making a group of solids behave as a fluid by
supplying air to it. The material to fluidise is also referred to as the ‘bed’. The
bed of particles rests on the distributor plate, a rigid plate with holes in it that
are usually sized smaller than the particles to fluidise. In the case of particulate
material, a gas stream is usually introduced at the bottom of the bed. The
inflowing gas then moves the particles in certain patterns depending on its
air velocity. At low velocities, the air will simply flow through the channels
between the solids as it remains static. When the gas flow is increased, the gas
will be at a point where it can support the entire bed: the solids are fluidised.
As the velocity is further increased, different patterns develop in the bed.
By passing through the bed, the fresh gas is destined to extract moisture
from the particles and sweep it away. The gas needs to be exhausted without
taking any of the fluidised material with it, so cleaning of the air with systems
that filter the particles are in place. The exhaust gas is sent entirely to the
atmosphere or partially recycled (Mujumdar et al., 2006).
It is clear that there is a large contact area between solids and gas in this
method, which is a major advantage in drying. Also, a good mixing of the
solids is usually in place. Another advantage is the dynamic drying behaviour,
due to the thermal inertia of the solids. These aspects lead to a high rate of
heat and mass transfer without damage to heat sensitive materials. It has also
been reported that fluid bed dryers have low maintenance costs and that they
are cheaper to construct than rotational and conveyor belt dryers (Kiranoudis
et al., 1996).
On the other hand, dryers bring along higher operational costs. These are
energy-intensive operations because of the latent heat of evaporation that
needs to be overcome, as well as the high resistance in heating air, the most
common drying medium (Mujumdar et al., 2006). A disadvantage of fluid bed
dryers is that scale-up is not a conventional task, due to changing fluidisation
patterns upon increasing the dimensions of the system. Drying behaviour on
lab scale might therefore differ a lot of that on full scale. Empirical models
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of drying cannot model the drying patterns on both scales and mechanistic
models have not proven successful in doing so either (Daud, 2008).
This means that there is still benefit in increasing the experimental knowledge
and modelling capability for these systems. In pharmaceutical continuous
wet granulation lines, fluidisation is common. Heinen (Heinen Trocknungstechnologie GmbH) developed a horizontal continuous fluid bed dryer in the
1980s. Neuhaus Neotec (Maschinen- und Anlagenbau GmbH, Ganderkesee,
Germany), which took over Heinen, continues these large drying installations (200 kg h−1 to 2000 kg h−1 ) that relies on sectioning over the dryer length
for achieving different drying conditions. The VIBRO-FLUIDIZERby GEA
(Düsseldorf, Germany) lets its air distributor plate vibrate to achieve reduction
of moisture content and powder transport for continuous drying. Glatt (Glatt
Integrated Process Solutions, Binzen, Germany) has also developed two continuous dryer systems. Their GF-model creates a fluid bed chamber with
continuous inflow and discharge and an inlet air flow that is partitioned in
different zones. The AGT-model, on the other hand, has a round bottom
distributor plate with a discharge pipe in the centre. Another company in
the field, Bohle (L.B. Bohle Maschinen + Verfahren GmbH, Ennigerloh, Germany), built a continuous drying system by blending fluidisation technology
with a conveyor belt.
The fluid bed dryer that takes part in this study is manufactured by GEA as
part of a continuous wet granulation line, which is discussed in the next section.
The dryer itself is semicontinuous, on the premise that the residence time is
more controlled. The semicontinuous aspect offers interesting modelling and
experimental challenges.

3.3

The ConsiGma™system

The ConsiGma-25 (GEA Pharma Systems, Collette, Wommelgem, Belgium) is a process that brings TSWG and drying in a continuous granulation
line with a maximum capacity of 25 kg h−1 . The outlet of this process can
be connected to a continuously operating tablet press. The raw materials for
this line, the powder components of the pharmaceutical formulation, are pou-
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red in a feeder that can operate in gravimetric and volumetric mode (KT20,
K-Tron Soder, Niederlenz, Switzerland). The powder is introduced into the
beginning of the TSWG barrel, where it is conveyed and mixed with liquid
supplied by two peristaltic pumps (Watson Marlow, Comwall, U.K.) and silicon tubing connected to a nozzle. After wetting, the material passes through
two kneading zones alternated with another conveying zone consisting of Archimedes screws (see Figure 3.3). The outlet of the TSWG is connected to a
semicontinuous fluid bed dryer.
Depending on the ConsiGmaconfiguration, granules are pneumatically conveyed through a tube or directly falling into the dryer unit. These configurations are respectively referred to as the horizontal and vertical setup. In the
horizontal ConsiGma-25 configuration, the granulator is situated next to the
dryer. Upon transporting the wet granules from the end of the TSWG barrel
to the inlet of the dryer, about 1 m of height difference needs to be overcome.
Thus, the granules are transported through a tube from granulator outlet to
dryer inlet, wherein the under pressure in the dryer pneumatically attracts
the granules. The vertical configuration, on the other hand, requires no such
connection between the two unit operations as the TSWG is positioned above
the dryer. Here, granules fall into the dryer inlet directly from the end of the
granulator barrel. This feature on the ConsiGma-25 system is assumed to
cause a difference in the overall drying and breakage behaviour of the processsed material. The effect of configuration on granule breakage is discussed in
more detail in Section 7.1.3.
The dryer is of the fluid bed type and contains six fluidisation compartments
that are working in parallel and being filled sequentially. This allows the inlet
stream of granules to be fully continuous. The dryer partitions the upstream
material into small batches (also referred to as the ”key product”). A schematic of the operation scheme is given in Figure 3.6. The operation in the
individual drying cells thus contains the following stages: during the filling
time, a continuous inflow of granules, equal to the entire mass flow rate of the
TSWG upstream, is directed into the current cell. The amount of granules
present in the dryer cell thus builds up gradually during this stage. When the
predefined filling time is completed, the outflow of the granulator is directed
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Figure 3.4: Schematic overview of the unit operations in the
ConsiGma-25 line.

to the next cell in sequence, as illustrated in Figure 3.6. The mass of granules
thus does not increase anymore in the current cell, yet drying is continued
until the end of the set drying time is reached. The drying time also includes
the filling time. The inlet air stream is also continuously present: it has reached its set-point value before granulation and mass flow into the dryer can
begin, such that fluidisation is occurring for any granular material that enters
the dryer.
After the drying of the key product, it is discharged pneumatically through
a tube that leads to the evaluation module. This unit operation consists
of a hopper with a conical screen mill below it (Quadro comil U10, Quadro
Engineering, Ontario, Canada). The continuous stream is thus restored by
this module. The mill is in place to reduce any oversized granules that are
detrimental for tablettability (Metta et al., 2018).
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Figure 3.5: Cross-section view of ConsiGma-25 fluid bed dryer
(generated with Autodesk (www.autodesk.com)). Arrows indicate
air flow direction.

3.3.1

Prior research on the ConsiGma™-25

Entire line Vercruysse et al. (2012) assessed the influence of process variables on the ConsiGma-25 system process-wide. The highlights were that granulator throughput, screw configuration and barrel temperature affected granule size and density. Vercruysse et al. (2013) showed that the ConsiGmacan
perform stable process runs (up to 5 h) with respect to granule and tablet quality. Despite that a stabilisation period was needed for certain process variables
(further investigated in Vercruysse et al. (2015)), the tablets produced during
this period were still complying with specifications. Applying a focused beam
reflectance measurement (FBRM) for estimating particle size in-line, Kumar
et al. (2013b) also found that the outcome of the process was quite stable in
a design of experiments (DoE) varying granulator screw speed and mill impeller speed. De Soete et al. (2013) conducted an exergetic analysis on the
ConsiGma-25 that concluded that resource consumption was 10.2 % smaller
at the process level, when compared to batch manufacturing. Fonteyne et al.
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Figure 3.6: ConsiGma-25 fluid bed dryer cell operation scheme.
Image source: De Leersnyder et al. (2018)

(2014b) engaged near-infrared (NIR) and Raman spectroscopy for real-time
monitoring of the average moisture content of granules during drying. The
authors also noted that moisture content could differ substantially in function
of granule size. Mortier et al. (2014) then tested the functionality of using a
mass-energy balance model as a soft sensor for moisture content, which came
close to success. Silva et al. (2017) applied a multivariate statistical process
control (MSPC) strategy to monitor deviations from steady-state operation in
the ConsiGma-25. In the end, even non-imposed disturbances were detected:
the powder layer build-up on the dryer filters and the increase of granulator
torque.
TSWG Considerable work has been done in characterising the TSWG, as
it is the core of the process. Fonteyne et al. (2013) conducted an in-line
granule size measurement, which established that the powder feed rate and
the barrel temperature affected it significantly. Kumar et al. (2014) found
that granulator process settings and screw configuration strongly affected the
liquid-solid mixing behaviour and the residence time, although the latter was
only in the order of 2 s to 10 s. In Kumar et al. (2016) the resulting granule size
was linked to these process properties. Also the strong influence of the amount
of liquid addition was noted. To delve deeper into the effect of evolution of
the PSD of the material as it moves through the granulator, Verstraeten et al.
(2017) used the addition of liquid at the end of the barrel through newly
created liquid addition ports to obtain PSD data at different locations in
the TSWG. These experiments confirmed that the liquid-to-solid ratio (L/S)
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exerted great influence over the intensity of aggregation and breakage in the
granulator. Nicolaı̈ et al. (2018) developed a system to control the L/S ratio
of the granulator barrel, including an interface that alleviated fouling of the
NIR probe.
Modelling Van Hauwermeiren et al. (2018) composed a model to predict
the change in PSD throughout the granulator, one that could even capture
bimodal distributions. The development of this TSWG model, a model on the
breakage in the mill (Metta et al., 2018) and the drying model from Chapter 4
even allowed for an endeavour into the integrated process modelling of the
line (Goedertier, 2017), even from powder to tablet (Metta et al., 2019). The
drying model is based on an earlier modelling study on the drying behaviour
of pharmaceutical granules individually (Mortier et al., 2012).

PART II
RESEARCH OUTCOMES

CHAPTER 4
Fluid bed drying modelling based
on single-particle drying kinetics

Redrafted from: Ghijs, M.; Schäfer, E.; Kumar, A.; Cappuyns, P.; Van
Assche, I.; De Beer, T.; Nopens, I., Modeling of semicontinuous fluid bed
drying of pharmaceutical granules with respect to granule size, Journal of
Pharmaceutical Sciences, 2019, 108(6), p. 2094
Abstract
In the transition of the pharmaceutical industry from batch-wise to continuous drug product manufacturing, the drying process has proven challenging
to control and understand. In a semi-continuous fluid bed dryer, part of the
ConsiGmaTM wet granulation line, the aforementioned production methods
converge. De Leersnyder et al. (2018) has shown that the evolution of moisture content of the material in this system shows strong variation in function
of granule size, making the accurate prediction of this pharmaceutical critical quality attribute (CQA) a complex case. In this work, the evolution of
moisture content of the material in the system is modelled by a bottom-up
approach going from single granule drying kinetics modelling, to prediction of
the moisture content evolution of the key product with respect to granule size.
A simplified batch approach is tested with available data suiting the model
output, resulting in a validated model when the continuous material inflow
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rate and filling time of the dryer cell are constant. The original single granule
drying kinetics model has been extended to capture the granules’ equilibrium
moisture content. The influence of the drying air temperature is captured well
with a droplet energy balance for the granules, yet the model will benefit from
an addition of a fluidisation kinetics model for a more general application.

4.1

Introduction

The ConsiGmaTM wet granulation line (GEA Pharma Systems, Wommelgem, Belgium), described in Chapter 2, amounts to a robust granulation process (Vercruysse et al., 2013) by connecting a granulator, fluid bed dryer
and mill in a continuous way. Optimisation of the operation of such a process however, is assisted by mechanistic understanding of the relevant physical
phenomena present in the line. Mechanistic modelling is a tool that could be
applied to build this knowledge base.
Pharmaceutical wet granulation is the process in which pharmaceutical powder formulations are agglomerated into larger, semi-permanent aggregates,
i.e. the granules, by means of adding liquid to the processed material (Iveson
et al., 2001). A combination of capillary and viscous forces binds the particles together in the wet granule. The subsequent drying step then is pivotal,
as more permanent bonds are formed through binder solidification (Cheong
et al., 2007).
Furthermore, the residual moisture content influences the processability of
the material downstream, as for instance the flowability of pharmaceutical
material is impacted. The effect of moisture content on the flowability of
pharmaceutical material has been found to be complex and critical (Emery
et al., 2009; Crouter and Briens, 2014). De Leersnyder et al. (2018) reported blocking of the transfer line between dryer and mill at short fluid bed
drying times. In the mill itself, large granules that still exhibit a wet core
after drying could release this moisture during milling, hereby smearing the
inside of the mill (Hapgood et al., 2010). Thapa et al. (2017) found that
the residual moisture content of granules was significantly related to tablet
porosity, tensile strength and tablet ejection force, with different interaction
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mechanisms exhibited between moisture and excipient properties. In Gabbott
et al. (2016) the residual moisture content (RMC) was found to be the most
significant influence to tablet hardness when compared with granulation process parameters in high-shear wet granulation, and the only significant factor
to tablet porosity. Finally, characterisation of the (residual) moisture content
of wet granules is complex, as De Leersnyder et al. (2018) showed that the remaining moisture content of pharmaceutical granules after drying is different
in function of granule size. This indicates that a modelling approach based on
single granule drying kinetics is necessary for modelling the batch properties,
as the granules’ individual size determines their drying rate. This approach
allows to describe batch drying behaviour with respect to the granule size distribution (GSD). Representing a population only by their average granule size
can, namely, misrepresent the drying behaviour of the population.
Modelling of the drying behaviour of single pharmaceutical granules starts
with selection of a suitable modelling approach. The three main strains of
modelling of porous granules are the continuum approach, pore network modelling and single particle drying kinetics models (Mortier et al., 2012). The
former two techniques return mass and heat transfer rates with respect to
the spatially heterogeneous structure of the granules. This information is not
known in sufficient detail, and in this study assumed to be irrelevant for the
overall batch drying kinetics. Single particle models calculate the average mass
and heat transfer rate over the drying entity. Frequently, the characteristic
drying curve is applied (Keey and Suzuki, 1974). The normalized, characteristic moisture content φ (in kg kg−1 ) is based on the moisture content in
the entity (X), a critical moisture content (Xcr ) and the equilibrium moisture
content (EMC, or Xe ):
X − Xe
(4.1)
Xcr − Xe
Xcr is the average moisture content above which the drying rate of the material
is constant. The drying period when X ≤ Xcr is denoted as the period of
unsaturated surface drying, or first falling rate period. This period may be
absent or make up the entire falling rate period (Mujumdar et al., 2006). In
the third drying stage or second falling rate period, the drying rate is controlled
φ=
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by movement of the moisture from the location of evaporation towards the
surface of the entity. The drying rate becomes zero after this period, leaving
a remaining Xe in the entity of which the value depends on the air humidity.
Several efforts have been made to model the aforementioned mechanisms in
more detail in the drying particle. These all depart from modelling the constant rate period, i.e. evaporation of the particle’s surface, as a droplet drying
phase. In the subsequent drying stages, the moisture in the droplet interacts
with either soluble solids (Sano and Keey, 1982; Chen and Lin, 2005), insoluble solids (Cheong et al., 1986; Elperin and Krasovitov, 1995), or both
(Nešić and Vodnik, 1991; Farid, 2003; Mezhericher et al., 2007).
The model of Mezhericher et al. (2007) has been applied to pharmaceutical granules produced by twin-screw wet granulation by Mortier et al. (2012),
based on the interaction between moisture and insoluble solids. The energy balances and mass transfer rates are calculated according to two different drying
regimes, the first regime comprising a droplet drying phase with a uniform
temperature approach. Namely, in this phase the free moisture is modelled
as a liquid layer of uniform thickness surrounding the spherical granule. In
the second drying phase, this free moisture has evaporated, and the remaining
liquid residing in the granule is modelled as a spherical wet core. In this stage,
the mass transfer rate is controlled by diffusion of vapour from the source of
evaporation towards the surface of the granule, where it is conveyed. The
equation from Abuaf and Staub (1986) is used, describing the transport as
a half-open Stefan’s system determined by the vapour concentration gradient
along the granule pores. The energy balance over the single particle takes into
account heating of both solid and liquid in the granule.
Applying single particle drying kinetics to batch fluidized material has been
done in Tsotsas (1994); Groenewold and Tsotsas (1997); Burgschweiger et al.
(1999) and Peglow et al. (2007). In these studies, the single entity drying
kinetics are based on the characteristic drying curve and a normalized drying
rate according to van Meel (1958). Energy and mass balances over the entire
drying compartment (between particles, gas, dryer wall and environment) are
taken into account in Burgschweiger et al. (1999), as well as bubbling fluidized
bed behaviour in terms of gas bypassing and suspension gas back-mixing. Ex-
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perimental validation occurred with support of data on air temperature, dryer
cell pressure drop, gas volumetric flow rates and the moisture content of the
outgoing air. The latter was used for determination of the particles’ average
moisture content. The particles consisted of spherical γ − Al2 O3 particles
with a narrow size distribution, which were therefore modelled as mono-sized.
In Peglow et al. (2007) this model was expanded by incorporating the size
distribution into the overall mass and energy balance calculations.
In this study, the modelling work on single pharmaceutical granules of Mortier et al. (2012) is expanded into a batch model for drying of granules with
consideration of granule size and equilibrium moisture content, as described in
Section 4.2. It is the first time that the size-dependency of the single granule
drying kinetics model is tested with a range of granule sizes. The empirical
components of the model are calibrated and validated to a part of the experimental data from De Leersnyder et al. (2018). It must, however, be noted
that the approach in this chapter does not include a model on fluidisation
kinetics. It is assumed that the air conditions around the drying granules are
those at the inlet of the cell. Evaporation of water from the granules is also
assumed not to affect these drying air conditions. The results of this basic
approach are reported and critically discussed in Section 4.3.

4.2

Methods

4.2.1

Experimental data

The ConsiGmaTM -25 fluid bed dryer partitions a continuous inflow of wet
granules over its six dryer compartments, each of which undergoes a sequence
of filling, drying and discharging of the granules within. The inflow of granules
is directed towards a certain compartment (or dryer cell) during a specified
filling time, after which the inflow is turned towards the next cell. When the
requested drying time is reached (the drying time includes the filling time as
well), the material in the cell is discharged towards the evaluation module
downstream in the process. Detailed descriptions and a complete assessment
of the process can be found in Chapter 2.
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The data collection methods of De Leersnyder et al. (2018) are shortly described in the current paragraph. Wet granules, exiting the twin-screw granulator
at constant screw speed, liquid addition rate and powder mass flow rate, were
dried with the ConsiGmaTM -25 fluid bed dryer at different levels of inlet air
temperature and flow (see Table 4.1). The drying times of the key product
were varied, after which the residual moisture content of the dried material
was measured off-line. This was done to obtain the drying curves of the material, i.e. the course of the material’s residual moisture content over drying
time. The off-line residual moisture content measurement occurred by means
of the LOD technique. The overall residual moisture content (RMC) of the
material, as well as the RMC of different size fractions of the material was
determined. For the latter, the material was sieved and LOD was performed
on the obtained sieve fractions. Detailed granule size distribution (GSD) information on the dried product was also collected by means of the Sympatec
QICPICTM system.
The data collection in De Leersnyder et al. (2018) is, to the author’s knowledge, the only data collection where, in a population of granules, the average
moisture content is measured with respect to different granule size classes.
The data gathered therein on the vertical ConsiGmaTM -25 system is selected
for calibration and validation of the model in this study, as to eliminate the
possible interference of the material transfer line between granulator and dryer
that is present in the horizontal ConsiGmaTM -25 system. The data gathered
on the horizontal system could however be used for the determination of the
equilibrium moisture content, as described in Section 4.2.2. The drying data
can be classified as drying curve data generated by an off-line periodic weighing campaign (Kemp et al., 2001). Multiple data processing methods are
given in Kemp et al. (2001), yet as the data harbours only few data points
per size fraction, without prior knowledge on the relation between measurement and actual moisture distribution within the size fraction, only directly
using the raw data is possible for application of the model. The quality of
the data determines the quality of the conceived model (see Section 4.2.2),
especially with respect to the empirical components fitted to the experimental
data. Therefore, the error on the measurement of the remaining moisture con-
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tent of the specific size fractions is propagated in the final model, and hence
its predictive capabilities.
The pharmaceutical formulation of the material, granulation parameters and
measurement methods are described in detail in De Leersnyder et al. (2018).
In short, the formulation contained two active ingredients, maize starch and
powdered cellulose as fillers, sodium starch glycolate as desintegrant and pregelatinised starch as binder. The filling time, and therefore dryer cell mass
loading, was kept constant in trials on the vertical ConsiGmaTM -25 setup, inlet air temperature Tg and flow Q were each varied at two levels of respectively
40 ◦C to 60 ◦C and 360 m3 h−1 to 440 m3 h−1 . The same DoE was conducted on
a horizontal ConsiGmaconfiguration, with inclusion of variation of the cell
mass loading. The corresponding experimental codes of the experiments are
given in Table 4.1. Residual moisture content per size fraction was measured
off-line at a minimum of four different drying times for every experiment.
Table 4.1: Experimental codes and corresponding process settings
of experiments on ConsiGmaTM -25 in De Leersnyder et al. (2018)
(* indicates only executed on horizontal setup).

Experiment
code

Inlet air
temperature (◦C)

Air flow
(m3 h−1 )

Filling
time (s)

Drying
time (s)

A

40

360

60

B

60

360

60

C

40

440

60

80
100
200
300
360
80
100
200
300
360
80
100
200
300
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D

60

440

60

E* and J*

50

400

120

F

40

360

180

G

60

360

180

H

40

440

180

I

60

440

180

360
80
100
200
300
360
140
200
300
400
720
200*
250
300
400
700
1080
200*
250
300
400
700
1080
200*
250
300
400
700
1080
200*
250
300
400

CHAPTER 4 FLUID BED DRYING MODELLING BASED ON SINGLE-PARTICLE DRYING KINETICS53

700
1080

Dynamic vapour sorption
In order to study the equilibrium moisture content of the granules, DVS measurements were carried out on small samples (≈10 mg) of granules. The
equilibrium moisture content (EMC) of the material was measured at different temperatures ranging from 20 ◦C to 45 ◦C (upper limit of the equipment).
The relative humidity of the air during the measurements was kept at 10 %,
representative of the inlet air humidity of the fluid bed drying experiments.
In the DVS equipment, the sample is loaded in a Cahn microbalance, measuring the weight change of the sample over time. The temperature and air
humidity are respectively controlled by the housing and mass flow controllers.
The EMC was obtained when the mass change dm/dt during the measurement
reached an absolute value smaller than 0.002 wt%/min.
4.2.2

Modelling

Overall, the model comprises single particle drying kinetics as adapted from
Mortier et al. (2012), inclusion of an equilibrium moisture content Xe and,
finally, the relation to batch drying kinetics. These are detailed in the sections
below, together with the calibration and validation procedures. This approach is tested to assess the importance of single-particle drying mechanisms
in the overall drying behaviour. Fluidisation can namely be described with
first-principles-based, yet numerically intensive models such as combinations
of Computational Fluid Dynamics (CFD) and Discrete Element Modelling
(DEM) (Girardi et al., 2016; Saidi et al., 2015; Li et al., 2015). Model particle structures are used in these simulations, the advances in this field are
moving towards the accurate simulation of millions of particles with a wide
size distribution.
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Single particle drying
In this section, a brief description is given on the single particle drying model
as applied to pharmaceutical wet granules in Mortier et al. (2012). For the
construction of the model, as well as calculation of variables not given in this
paper, the interested reader is referred to Mezhericher et al. (2007).
The drying granules are conceptualized as motionless single porous spherical
particles with a certain moisture content. This moisture can be categorized
into, on the one hand, the moisture residing in the pores of the solid granule
structure, and next to that, the free moisture on the surface of the granule.
The volume of intra-granular moisture can maximally be as large as the total
pore volume in the granule, and the free moisture is modelled as a layer of
uniform thickness on the granule surface. In the first drying phase, the free
moisture evaporates according to a droplet drying regime:
ṁv = hD (ρv,s − ρv,∞ )Ad

(4.2)

with mass transfer rate ṁv (kg s−1 ), mass transfer coefficient hD (m s−1 ),
partial vapour density over the droplet surface ρv,s (kg m−3 ), partial vapour
density in the ambient air ρv,∞ (kg m−3 ) and droplet surface area Ad (m2 ). hD
is calculated based on dimensionless numbers on convective heat transfer in
the Ranz-Marshall-corrected versions (Levi-Hevroni et al., 1995). The energy
balance in the first drying phase is calculated according to:
hf g ṁv + cp,d md

dTd
= h(Tg − Td )4πRd2
dt

(4.3)

with specific heat of evaporation hf g (J kg−1 ), specific heat capacity of the
droplet cp,d (J kg−1 K−1 ), droplet mass md (kg), uniform droplet temperature
Td (K), heat transfer coefficient h (W m−2 K−1 ), drying gas temperature Tg
(K) and droplet radius Rd (m). Once the free moisture has evaporated, the
wet granule enters the second drying phase in which the moisture is modelled
as a sphere with radius Ri (m), also referred to as the wet core, which is filling
up the pore volume of the particle with radius Rp (m). Evaporation of this
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moisture therefore recedes the gas-liquid interface at Ri uniformly. The mass
transfer rate ṁv in this stage is given by (Abuaf and Staub, 1986):

ṁv = −

pg − pv,i
8πβ Dv,cr Mw pg Rp Ri
ln[
<(Tcr,s + Twc,s ) Rp − Ri pg − ( 4πM <h R2 ṁv +
w D

p

]
pv,∞
Tg )Tp,s

(4.4)

with  the granule porosity (-), β an empirical coefficient, Dv,cr the vapour
diffusion coefficient (m2 s−1 ), Mw the liquid molecular weight (kg mol−1 ), pg
the pressure of the drying air (Pa), < the ideal gas constant (J mol−1 K−1 ),
Tcr,s and Twc,s respectively the temperature of solids at the granule surface
and at the gas-liquid interface (K), pv,∞ and pv,i respectively the partial vapour pressure in the drying air (Pa) and at the gas-liquid interface and Tps
the temperature of the particle solids (K). The energy balance is modelled
according to the droplet regime as described in Equation 4.3. This is to avoid
the solution of the moving boundary problem posed in Mezhericher et al.
(2007). It is assumed that this level of detail is not required for the problem
at hand. This results in the assumption that Tcr,s , Twc,s and Tps all equal a
uniform droplet temperature Td .
The evaporation rate is hereby assumed to be controlled by the vapour concentration gradient between gas-liquid interface in the granule and the granule
surface. The other assumptions related to the aforementioned conceptualisation, are that the pore channels in the granules are cylindrical, have a diameter
much larger than the vapour mean free path and have a radial direction. All
physical properties in the model were assumed to be at environment conditions of 25 ◦C and atmospheric air pressure. Liquid properties were modelled as those of pure water, gas properties those of air and solid properties
those of acetaminophen. Granule porosity was assumed to be uniform over
the entire granule, at an approximate value of 35 %, based on in-house expertise with BET (Brunauer–Emmett–Teller) surface area measurements on
twin-screw wet granulated granules.
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Equilibrium moisture content
An observation consistent over drying experiments at different process settings
in De Leersnyder et al. (2018), was that the moisture content of the material did no longer decrease after a certain drying time. This observation is
conceptualized by the EMC in the characteristic drying curve (Section 4.1).
Different from that concept however, is that modelling of the critical moisture
content Xcr is already contained in the single particle drying kinetics model.
Namely, the distinction between a first and second drying phase in that model,
already describes a transition from unhindered evaporation to a phase with a
decreasing drying rate below a certain granule moisture content. Therefore,
in order to only take into account the EMC in the model, which in fact could
in this study not be related mechanistically to any of the model variables in
Equation 4.4, the resulting mass transfer rates ṁv were multiplied with an
equilibrium factor γ (-). This factor is denoted by the following relation:
γ=
so that:

X − Xe
X

(4.5)

(
γ ≈ 1, X  Xe
γ → 0, X → Xe .

The resulting mass transfer rate ṁv,res is then equal to:
ṁv,res = γ ṁv

(4.6)

The resulting decrease in moisture content X of a granule, as calculated by
the single particle drying model (SPDM), then amounts to:
ẊSP DM =

ṁv,res
mp

(4.7)

with ẊSP DM the change in moisture content X over time and mp the total
mass of the granule (particle). This is solved from time t = 0 until the drying
time t=tdry .
The EMC per experiment was obtained as the average residual moisture content of all size fractions after the longest drying time, in each experiment on
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the horizontal ConsiGmaTM -25 configuration in De Leersnyder et al. (2018).
A relation with drying gas temperature was obtained and applied in modelling
of drying behaviour of the material in the vertical ConsiGmaTM -25 configuration.

Batch model
The fluid bed dryer of ConsiGmaTM -25 has process features of both continuous and batch configurations. Wet granules enter a drying cell at a constant
mass flow rate during the filling time, after which drying continues in a batch
mode. In the case of the experiments on the vertical ConsiGmaTM setup, the
size-differentiated moisture content data was only available at a filling time of
180 s. Therefore, this difference of drying starting time of the material needed
to be taken into account. The previously described models that depart from
single particle kinetics to describe batch behaviour, apply mass and energy
balances over the entire drying system. The ConsiGmaTM -25 fluid bed dryer
is however quite complex with respect to these balances. Namely, the mass
and energy balance over one cell are hard to characterize because of the parallel and sequential operation cycles of the six drying cells, assumed unequal
distribution of air into these cells, and the absence of air humidity or pressure
measurements specific to each dryer cell. Therefore, these balances over the
dryer cell are not included in the model in this work. Because of all these
reasons, the simplified approach described in the next paragraph is applied for
modelling the drying behaviour of separate size fractions of wet granules.
For every size fraction on which residual moisture content data was collected,
a mean Sauter diameter (MSD) per size fraction was calculated based on
the PSDs obtained with the QICPICTM system (see Table 4.2). The MSDs
are calculated to represent the granule diameter in the model for describing
the batch drying behaviour of each size fraction. Thus, a drying curve was
calculated based on the fraction’s MSD, given in Table 4.2. This drying curve
was calculated according to the final SPDM, the predicted moisture content
thereof is now denoted by XSP DM . The predicted average moisture content
X f per size fraction f then equals the average moisture content of different
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Figure 4.1: Illustration of the batch model approach. A single granule drying curve is projected at different starting times between the
start (t0 ) and the end of dryer cell filling (tf ill ), the average of all
the projected drying curves represents the average residual moisture
content after drying (X).

drying curves, starting a certain time τ later over the cell filling time tf ill , as
denoted in the following equation:
Ptf ill
Xf =

τ =0 XSP DM (t

nτ

− τ)

,

(4.8)

with nτ the amount times τ that the drying curve was shifted over the cell
filling time interval tf ill .
Table 4.2: Mean Sauter diameter Dp of wet granules per size fraction
in De Leersnyder et al. (2018).

Size fraction (µm)

Dp (µm)

150-300
300-500
500-850
850-1000
1000-2000
> 2000

230.84
401.15
670.42
932.06
1462.74
5751.69
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In other words, the originally calculated drying curve XSP DM was projected
to start τ =1 s later, in order to emulate the wet granules entering over this
time frame. This was continued until the filling time of the dryer cell was
reached, resulting in a number of drying curves starting at different times
during the filling period, with an interval of 1 s between them (e.g. in the case
of a filling time of 180 s 181 drying curves are used). The interval of 1 s was
found to include the effect of granules entering continuously in a sufficiently
high resolution. A schematic representation of this approach is given in Figure
4.1. The batch model output then equals the average of all predicted moisture
content curves over time, as shown in the solid black line in Figure 4.1. This
was thus the representation of the residual moisture content of that entire size
fraction, to be compared with the experimental data.
The assumptions of the batch modelling approach include therefore that all
of the dried material was subjected to the same ideal drying conditions of a
constant ideal fluidisation behaviour, a constant relative air humidity in the
dryer cell (which does not increase because of the evaporated moisture), and
atmospheric air properties of the drying gas, except for the gas temperature.
With the availability of in-line measurements of gas pressure or gas humidity
data, these assumptions could be verified. This is beyond the scope of the
current work, but planned for future research.

Calibration and validation
The batch model for each size fraction is calibrated by comparison by means
of the root-mean-square error (RMSE) of the predicted X with the residual
moisture content values per size fraction f , as obtained at n discrete times by
the LOD method in De Leersnyder et al. (2018):
r
RM SEf =

2
1 n
Σi=1 X f,i − X exp,f,i
n

(4.9)

The approach according to method j. in Kemp et al. (2001) was therefore
applicable here, which entails applying a developed drying model for the particular material [as conceived in Mortier et al. (2012)] to the data with fitting
of the adjustable parameters. In this case, the only adjustable parameter was
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the empirical coefficient β in the power law relation to the granule porosity
(Equation 4.4). The residual moisture content data obtained at an inlet air
temperature of 40 ◦C and inlet air flow of 360 m3 h−1 was used for calibration,
whereas the data of the other three combinations of process was used for validation. The criterion for a successful calibration was to reach an RM SE
value lower than the average difference in measured residual moisture content
per size fraction, between repeated experiments. This allowed for comparison
of the model performance along with the quality of the data the model was
built on, which it can never surpass. Thus assessing whether the prediction
error is lower than the error between repeated experiments indicated that the
model performed as well as the quality of the experimental data allowed for.
The average difference value was calculated based on the experiment repetition on the horizontal ConsiGmaTM -25 system (this was not available in the
campaign on the vertical setup) as an error of 0.015 g g−1 . Calibration of the
model was performed in Python by means of a combination of a global and
a local technique. First a brute force scanning of the domain 0.0 to 10.0 for
the value of parameter β (Equation 4.4) was conducted, with subsequent refinement of the global optimum using the Limited-memory Broyden-FletcherGoldfarb-Shanno algorithm with bounds (L-BFGS-B). The implementation of
this approach was available in SciPy (Jones et al., 2001).

4.3

Results and discussion

Equilibrium moisture content
EMCs for the granules were found to be related to the drying air temperature.
A linear regression model was obtained with a coefficient of determination R2
of 0.6216 (Figure 4.2), with both the intercept and Tg found to be significant
(respective p-values of 0.000 and 0.004). The low R2 -value however indicated
that a more controlled data collection is needed to accurately determine this
relation, also keeping in mind that the actual Tg in the dryer cells during the
drying experiments is usually lower than the setpoint Tg . The linear model
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for Xe was used in calibration and validation of the overall drying model, by
substitution of Xe in Equation 4.5 with the following expression:
Xe = ATg + B

(4.10)

with regression coefficient A and intercept B with values of respectively −0.035
and 3.196.

Figure 4.2: Linear regression of equilibrium moisture content Xe
to inlet air temperature data on horizontal ConsiGmaTM -25 system.
Different colours represent different airflow rates.

The EMC was also assessed through DVS experiments (see Section 4.2.1).
The moisture contents at equilibrium of all measured samples are shown in
Figure 4.3. Linear regression to the DVS EMC confirms the linear relation
between air temperature and EMC in the studied range of temperatures. The
linear regression intercept and regression coefficient have respective values of
0.794 and −0.0032, and were both found significant (both p-values were 0.000).
The R2 of the linear regression model is 0.720.
It should be noted that the obtained EMCs are different depending on the
measurement method, DVS or LOD. This is due to the difference as to what
corresponds to 0 % water content in both methods. In the LOD measurement
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this is the remaining moisture after drying at 105 ◦C, whereas the baseline of
0 % is the sample’s condition at a surrounding relative air humidity of 0 %.
Therefore, the differences with this baseline are smaller for the DVS data,
which is also reflected in the regression coefficient being much lower than the
regression coefficient in the linear model on LOD-determined EMCs.

Figure 4.3: Linear regression of equilibrium moisture content of DVS
experiments to air temperature.

The EMC of pharmaceutical materials, as well as the molecular-level interaction between pharmaceutical solids and moisture in general, have mostly
been studied with respect to the concern of moisture adsorption during production and storage (Umprayn and Mendes, 1987). The EMC is a certain
moisture content that solid materials exhibit at a certain combination of surrounding air relative humidity and air temperature. A large number of models
is available in literature to describe this relation, however often only with respect to relative humidity (Zografi and Kontny, 1986). Zografi and Kontny
(1986) even reported that for the pharmaceutical excipients of corn starch
and microcrystalline cellulose, the sorption behaviour as a function of relative humidity does not vary significantly over the range of 20 ◦C to 50 ◦C.
Callahan et al. (1982) reported a large experimental dataset on the EMCs
of pharmaceutical excipients at 25 ◦C, adding that the values determined at
20 ◦C proved to be approximately one percent larger. It can be derived that
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moisture interaction with the solids in the granules is complex and related to
the nature of the composing compounds. Different excipients, as well as the
active pharmaceutical ingredients, show different behaviour in this respect.
The combination of all these behaviours, as is in place in the porous structure
of the pharmaceutical granule itself, could be investigated deeper with the aid
of detailed sorption/desorption experiments on the granules, but is beyond the
scope of this work.
Drying model calibration
The power law coefficient β in Equation 4.4 was calibrated to the moisture
content data for every size fraction, as described in Section 4.2.2. The overall
calibration and validation flow is also given in the scheme in Figure 4.5. The
obtained values, as well as the resulting RMSE values, are given in Table 4.3.
β was found to be related to the granule diameter Dp (m), of which a second
order polynomial best described the relation:
β(Dp ) = aDp2 + bDp + c

(4.11)

with a, b and c as polynomial coefficients, of which the values are given in
Table 4.4. The obtained values and fit are also shown in Figure 4.4.
Table 4.3: Calibrated power coefficient β values of the calibrated
model and resulting RMSE values normalized with mean experimental error.

Size fraction (µm)

Value of β

Normalized error

150-300
300-500
500-850
850-1000
1000-2000

6.2
5.4
4.5
3.9
3.3

0.41
0.22
0.41
0.18
0.12

Average

N/A

0.27
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Figure 4.4: Calibrated values for the drying model parameter β in
function of size (blue dots), along with quadratic relationship in red
solid line.

Figure 4.5: Flow of model calibration and validation.

The power law coefficient β could be interpreted as a representation of the pore
structure into the model, as it corrects for the overall porosity  in describing
the available volume for radial diffusion of vapour towards the edge of the
granule in Equation 4.4. In Mortier et al. (2012) β was found to be correlated
with the gas temperature, which in this study was not the case. Research into
the porous structure of pharmaceutical granules has been conducted in the
case of high-shear wet granulation (Farber et al., 2003; Rahmanian et al.,
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2009). Pore-size distributions in the range of 0.1 to 100 µm within the same
granule could be found, however a relation between pore size and granule size,
or distance from the center of the granule, was not investigated (Farber et al.,
2003). Such a relation could be considered for further study. However, it is
also possible that the obtained correlation of β to granule size accounts for
another mechanism present in the evaporation from the porous granule that
had not been included in the model applied in Mortier et al. (2012). There
could be additional moisture-solid interactions within the granule that pose
another resistance of vapour migration from the site of evaporation to the
edge of the granule. Therefore, these would also be related to the granule
size, which determines the length of this path. Another factor in this process
is the fluidisation behaviour, which, as the results here point out, should be
taken into account. The fluidisation pattern could bring about segregation
leading to different surrounding drying air conditions for granules of different
size. Finally, it is also possible that the initial moisture content of the wet
granules was already different upon exiting the granulator.
Table 4.4: Polynomial regression summary of empirical coefficient
β to granule size Dp (Equation 4.11). Confidence intervals are
calculated from the variance of the coefficients in the polynomial fit.

Parameter

a

b

c

Value
Confidence interval

1.816e − 06
±2.520e − 07

−5.383e − 03
±4.405e − 04

7.306
±1.556e − 01

Drying model validation
Application of the calibrated model to the moisture content data obtained at
other levels of process settings yielded the RMSE values given in Table 4.5.
The average RMSE values per experiment, normalized with the mean experimental error, showed validation success in all cases according to the criterion
in Section 4.2.2. Also, for the specific size fractions all cases were proven
validated. Still, in some cases the RMSE approaches the mean experimental
error, which is rather high. This high error is also a result of the comparison
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with data on sometimes small samples of granules from specific size fractions,
as samples of 3 g might not represent the average moisture content within 1 kg
of material in a dryer cell. Moreover, the Loss-on-drying device used to measure the residual moisture content already shows a measurement uncertainty
of about 1 %. Finally, as the material is fed continuously, the moisture content
of the material likely shows a distribution with a certain width as well, which
is not accounted for in the data. This has an effect on the resulting calibrated
model as well.
Assessment of the simulation results for certain size fractions in Figure 4.6 also
indicate that, in several cases, the data on evolution in moisture content per
size fraction does not appear to follow a regular drying pattern. Because of the
reasons mentioned in the previous paragraph, it could appear in the data that
specific size fractions show slower drying behaviour than larger size fractions,
or that the moisture content increases with drying. These phenomena would
both be illogical. Therefore, being aware of the complications of the data
quality for the model calibration and validation, it is recommended that more
material should be sampled for narrower size classes in order to improve these
efforts. The data gathered in De Leersnyder et al. (2018) definitely show
that residual moisture content after drying varies significantly with respect to
granule size, so that this is worth investigating towards an even more accurate
prediction of moisture content for optimisation of the drying operation.
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Table 4.5: Normalized RMSE values of model predictions compared
with experimental data. The experiment codes from Table 4.1 indicate the process setting values at the respective experiments. RMSE
values are normalized with the average difference between repeated
measurements of 0.015 g g−1 .

Size fraction (µm)

Exp. G (−)

Exp. H (−)

Exp. I (−)

150-300
300-500
500-850
850-1000
1000-2000

0.37
0.70
0.96
0.65
0.71

0.13
0.38
0.45
0.30
0.81

0.16
0.25
0.37
0.28
0.18

Average

0.68

0.41

0.25

The equilibrium moisture content of the vertical line data was accurately predicted by the linear model between EMC and gas temperature obtained on
data of the horizontal line, as can be seen in Figure 4.6. The dryer air flow
on the other hand is only included in the model in the calculation of the
Reynolds number, which affects the evaporation rate calculated in Equation
4.4. The difference in simulation results at different air flows is however very
small, while still leading to successful validation at two levels of air flow. This
could indicate that the air flow level does not show any influence within the
boundaries of the design of experiments of De Leersnyder et al. (2018) for
the vertical line. It can be concluded however, that the incorporation of air
flow into the model of this study should be further assessed. Finally, the effect
of gas temperature is clearly visible in the data and is well captured by the
model, leading to model validation.
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Figure 4.6: Validated model prediction versus experimental data
vertical ConsiGma-25.

Testing to horizontal line data
The model validated to data on the ConsiGma-25 vertical line is also tested
on the data of De Leersnyder et al. (2018) gathered on the horizontal version,
which does include a wet transfer line. Also the cell loading was varied there.
The results of these simulations are shown in Figure 4.7 and quantified in
Table 4.6. These show that the application of the unchanged model to the
horizontal configuration is not always successful.
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Figure 4.7: Vertical line model prediction versus experimental data
horizontal ConsiGma-25.

The experiments executed on both lines show decent error margins (F - H - I)
with the exception of experiment G. The relative error being 1.62, this case is
not predicted well. It can be seen in Figure 4.7 that the prediction lies much
lower than the data. The difference in systems or simply the experimental variability of the measurement could be of importance here. For the experiments
at different mass cell loading, the relative error in a few cases allows for the
prediction to be called successful. Simulations of experiments B and D and
the repeated midpoint experiment E and J show decent agreement with the
data. The exceptions here, however, are A and C, trials where the drying air
temperature was 40 ◦C. The overpredictions indicate that the influence of the
mass loading on the drying behaviour is not fully captured in the sequential
addition model. Also, despite the fair prediction of the midpoint experiment,
experiments K and L are not approximated well. This confirms that the influ-
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ence of mass loading is not captured accurately with the sequential addition
model only.
Table 4.6: Normalized RMSE values of model predictions compared
with experimental data. The experiment codes from Table 4.1 indicate the process setting values at the respective experiments. RMSE
values are normalized with the average difference between repeated
measurements of 0.015 g g−1 (unit −).

Size fraction

A

B

C

D

E

F

G

H

I

J

K

L

150-300 µm
300-500 µm
500-850 µm
850-1000 µm
1000-2000 µm

1.52
2.13
2.30
2.23
2.22

0.53
0.66
0.89
0.80
0.80

1.91
2.85
2.98
2.88
2.33

0.33
0.78
0.95
0.93
1.13

0.85
0.79
0.69
0.75
0.78

0.91
0.82
0.64
0.67
1.07

1.60
1.61
1.63
1.59
1.65

0.76
0.33
0.51
0.31
0.38

0.94
0.94
0.72
0.64
0.64

0.78
0.74
0.58
0.52
0.27

0.05
0.94
1.08
1.12
1.10

1.29
1.14
1.24
1.17
1.19

Average

2.08

0.73

2.59

0.82

0.77

0.82

1.62

0.46

0.78

0.58

0.86

1.21

Finally, this work should be regarded the first step towards development of a
valid model structure for this process. The current model is only valid for the
pharmaceutical formulation experimented with, processed within the process
setting ranges used in this study (Table 4.1), on the vertical ConsiGmaTM -25
setup. Therefore the addition of a model that describes the influence of the
bed mass on the drying behaviour, should be done to make the model capture
the effect of filling rate more completely. This should also be tested with
experimental data collected with more accurate methods that capture more
information on the semicontinuous drying process. This is argued in detail in
Chapter 5 and an improved measurement method is proposed.

4.4

Conclusions

The drying behaviour of pharmaceutical granules in the semi-continuous fluid
bed dryer of the vertical ConsiGmaTM -25 line has been modelled with respect
to granule size, at a constant material inflow rate and filling time. The batch
model entails a single particle drying model with mechanistic description of
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evaporation, extended with empirical modelling of the equilibrium moisture
content effect. The empirical parameter related to porosity in a mechanistic
description of evaporation from a solid structure, has been found to be related
to the granules’ size. The EMC is determined by the drying gas temperature,
regardless of other process setting values or process configuration. The effect
of drying gas temperature is well captured with modelling the energy balance
over the granule as found in droplet evaporation.
The model could not be generalised to all experiments on the horizontal
ConsiGma-25, especially those at lower mass loading. Therefore, more attention in further studies should go into inclusion of fluidisation properties
into the model, as influenced by the amount of material present and the air
flow. As the measurement error was quite high, attention should go to a more
accurate data collection on this complex process. This would improve the model calibration, validation and quality. Chapter 5 revolves around augmenting
the data collection on the dryer. To accurately validate the effect of the continuous filling of the dryer cell, both data collection and modelling should focus
on material moisture content distributions within granule size classes, instead
of the average moisture content.
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CHAPTER 5
Two-dimensional moisture content
and size measurement of
pharmaceutical granules after
fluid bed drying using
near-infrared chemical imaging

Abstract
In drying of pharmaceutical granules, granule moisture content and size are the
most important process outcomes. Not only is it pivotal that these are within
predefined specification ranges after drying, these two variables also follow
a complex discourse and even interact themselves with the drying process,
which they both influence. In order to understand this process, detailed data
is essential. Current data collection methods only succeed in measuring the
average moisture content of a size fraction of granules, whereas this property is
more prone to follow a distribution that is influenced by the drying conditions.
In this chapter, a measurement method is devised to simultaneously characterise the moisture content and size of individual pharmaceutical granules.
A setup with near-infrared chemical imaging (NIR-CI) is used to capture an
image of a number of granules, an image wherein every pixel also contains
the absorbance spectrum in the NIR wavelength region. The latter is used
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for deriving the moisture content of the material. The size of the granules
is estimated based on the amount of pixels they occupy in the image. Requirements for the method are that it is sufficiently fast, as water evaporates
during the measurement, and at the same time that a sufficient amount of granules is scanned so that the result is representative for the entire population
of granular material. Special consideration also went to processing the images into the final two-dimensional distributions. Firstly the way in which the
image is taken required for an alternative approach to background detection.
When this is achieved, the quantification of moisture content based on absorption spectra is performed with two different regression methods, Partial Least
Squares regression (PLSR) and Elastic Net regression (ENR). The method is
validated with particle size data for size determination, loss-on-drying (LOD)
data of average moisture contents of granule samples and finally batch fluid
bed experiments in which the results are compared to the moisture content per
size fraction measurement by De Leersnyder et al. (2018), the most detailed
method to date on measuring these variables.

5.1

Context: the need for detailed data

In the case of process modelling in general, better qualitative and quantitative
data leads to better quality models in two ways: firstly by providing more
information on the relevant mechanisms in the system at hand, secondly by
offering a more thorough reality check for the hypotheses and implementation
of the model in the model validation step. In this section, it is described
why the ConsiGmafluid bed drying system is in dire need for highly detailed
moisture content data, in the form of a two-dimensional moisture content and
size distribution, to understand and model the process.
5.1.1

A complex system

The semicontinuous fluid bed dryer is, despite its higher capability for controlling the product, more complex concerning drying behaviour than its continuous and batch counterparts. The first complication in this resides in the
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continuous inflow of wet granules, which means that granules start to dry at
different time points. The drying time of the key product is fixed, thus these
granules also experience different total drying times. Next to that, however,
the granules also experience different drying regimes, as the air and fluidisation
properties in fluid bed drying are influenced by the amount of material present in the system. As this filling level constantly changes when a continuous
material inflow is in place, the granules dry at various rates throughout the
process, which needs to be captured in order to truly understand the physical
behaviour inside of this type of drying operation.
5.1.2

Complex models

The study of this complex process is, therefore, best performed using mechanistic modelling. In this way, the various interacting phenomena such as
fluidisation behaviour, single particle-level drying and conditions of the drying
air can be captured to predict the drying behaviour of the key product. In
models with many interacting factors such as fluid bed drying, sufficiently detailed data is necessary to calibrate and validate the model, to ensure that
the final model is the correct representation of the process. As such, current drying models do predict a moisture content distribution in the material
(Ghijs et al., 2019; Peglow et al., 2007). These arise from fluidisation behaviour, the continuous filling of a dryer cell and the heterogeneity in granule size
encountered in pharmaceutical granules. Yet in practice, the only available
product data is the average moisture content of the granules, meaning that
the model cannot compare its output to reality in full extent. This makes that
some parts of the model might be insufficiently validated with the reality, and
therefore are not able to reliably extrapolate to other process conditions or
systems. With two-dimensional moisture content and size distribution data
over the drying progress, these models instead would be able to compare their
output one-to-one to experimental data, and more components of the model
(effect of fluidisation, granule size, air conditions) can be validated, enhancing
its predictive power.
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5.2 APPLICATION OF HYPERSPECTRAL IMAGING

Application of hyperspectral imaging

As the aim of this study is to capture both spatial information (granule size)
and chemometric information (moisture content), hyperspectral imaging offers
a method that can return exactly this information. A hyperspectral image is a
term used for an image wherein every pixel contains spectral information: the
intensity of absorbance of photons of different wavelengths. This absorption
depends on the molecular structure of the measured material and is thus characteristic for that substance. When the spectral resolution is high, i.e. the
intensity of absorption is measured at a large number of different wavelengths,
the term ’hyperspectral’ is used. The resulting three-dimensional data structure from a hyperspectral measurement is also referred to as a hyperspectral
cube (Amigo, 2010). The structure is an array of three dimensions p× q × λ.
Each pixel in the image has a set of coordinates x and y and contains spectral
information at λ wavelengths. A clear representation of this data structure
and ways in which it can be obtained can be found in Amigo (2010).
NIR-CI refers to the case of hyperspectral imaging where the wavelengths λ are
situated in the near-infrared region of the electromagnetic spectrum: 780 nm
to 2500 nm. This information is already being widely used in the pharmaceutical industry. Thanks to its non-destructive nature, NIR spectroscopy has
been used for in-line measurements in the framework of PAT in pharmaceutical manufacturing, for purposes such as tablet content uniformity assessment
(Blanco et al., 2006; Moes et al., 2008), tablet coating thickness measurement
and blend uniformity (Moes et al., 2008). Even in the case of wet granulation
specifically, moisture content has been monitored in real-time based on NIR
spectroscopy in a TSWG process (Nicolaı̈ et al., 2018) and in the FBD process
itself (Fonteyne et al., 2014a). Arguably the closest inspiration for this study
is the work of Kumar et al. (2014), which applied NIR-CI for investigating
solid-liquid mixing in the TSWG by generating moisture maps.
An important consideration for this work is that chemical imaging is characterised as a surface scanning technique, whereas some sources hypothesise that
the moisture remaining in the granules after drying resides mostly in the centre of the granules (Mortier et al., 2011). The mathematical model on the
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drying behaviour of single pharmaceutical granules of Mortier et al. (2012),
even hypothesises that the edge of the granule transforms into a dry crust,
which is also a resistance to heat and mass transfer. The hyperspectral camera
setup is indeed of the type that measures diffuse reflectance, where photons
are beamed onto the sample by a light source and the reflected photons are
measured. This reflectance (R) spectrum is converted into a logarithmic form,
termed pseudo-absorbance (A10 ), for data processing (A10 = log10 (1/R)).
This does however not mean that purely the surface of the granules is perceived by the camera, as part of the photons that are sent into the sample
by the light source is not immediately reflected off of the surface but instead
enters the sample (Amigo, 2010). This depth of penetration of the photons,
also called information depth, is still an ongoing subject of research, evaluated
through both experimental and simulation studies (Shi and Anderson, 2010).
The information depth is material-dependent, both due to its chemical constitution (Berntsson et al., 1999) and particle size (Berntsson et al., 1998). The
depth is also different for photons with different energies or wavelengths (Shi
and Anderson, 2010; Clarke et al., 2002; Berntsson et al., 1998, 1999). An
experimental penetration depth study on milk powder found that a layer of
2 mm was still sufficiently well characterised by diffuse NIR reflectance (Huang et al., 2016). Clarke et al. (2002) found that the information depth in a
cellulose matrix, as modelled by paper, was in the range of 109 µm to 777 µm.
The study also reports that in literature the depth is around 350 µm at a
wavelength of 1400 nm. This is close to the region of 1402 nm to 1419 nm,
which has been found to have strong absorption by ’free water’ which is weakly hydrogen-bonded (Gowen et al., 2013). This also corresponds to the type
of water or moisture content that is characterised in this study. Moreover,
Achata et al. (2015) found potential for NIR-CI to monitor water in low moisture content food samples. Shi and Anderson (2010) studied the penetration
in tablets made of theophylline, lactose and microcrystalline cellulose (MCC),
finding penetration depths of around 1 mm at a wavelength of 1400 nm.
With the aforementioned information depths in mind, it is thus tested in this
study whether diffuse reflectance NIR could accurately identify the moisture
content of pharmaceutical granules.
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5.3 EXPERIMENTAL SETUP

Experimental setup

Spatially distributed moisture content measurements of the granules are obtained by dispersing the granules on a conveyor belt (ENP, Hjälteby, Sweden),
which passes the granules underneath a hyperspectral camera: a NIR-CI device
(VLNIR with OLES56 lens, Specim, Finland) receiving the reflected photons
beamed in by halogen lamp. As such the spectral measurements can be regarded as the ’push-broom’ type (Amigo, 2010): the NIR-CI camera scans a line
of 2.7 cm which the granules pass perpendicularly on the conveyor belt. The
belt speed is chosen as the slowest possible speed at which the belt movement
did not stutter. This speed turned out to be 13.33 cm s−1 . The setup is shown
in Figure 5.1.

Figure 5.1: Experimental setup for NIR-CI of pharmaceutical granules, with conveyor belt (a), halogen lamp (b) and hyperspectral
camera (c), including illustration of line scan.

Naturally, the heat of the halogen lamp could affect the moisture content of the
passing granules. This is however taken into account in the calibration model
that links the observed spectra to the water content. In fact, the spectra are
related to the moisture content of the granules before they are dispersed on the
belt. This is detailed in Section 5.4.2. In the building of the calibration model
also several size classes are tested (the moisture content of smaller granules
decreases faster under drying conditions), to evaluate whether evaporation due
to the halogen lamp posed an issue.
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Camera settings and influence on the hyperspectral image

The camera line scan contains 320 pixels, each capturing a width of 84.375 µm.
Every pixel thus contains the spectral information of the material in that location during the exposure time of the camera scan. It bears interest in understanding how the chemical images are exactly composed with this setup, as
it has important consequences for the granule size derivation and background
removal. It also allows to motivate the choice of exposure time of the camera.
The camera takes up information during the time that its sensor is open and
thus exposed to light, also called the ’exposure time’. This information is
temporarily stored in a camera buffer which holds the data before the hardware
writes it to the memory storage location where the eventual image files are
stored. The buffer allows for the information of the 320 pixels of the line scan
to be captured simultaneously. This storage also needs to be cleared before
any new information can be taken up. During this time, the shutter of the
camera is closed, and as the belt moves continuously underneath, material
passing the line scan at this point is not captured. When the buffer storage is
clear, the shutter reopens, and a new line scan is taken.

Figure 5.2: Illustration of the NIR-CI camera view as opposed
to the complete view of the measured material at a belt speed of
13.33 cm s−1 .
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Figure 5.2 shows an approximate illustration of the effect of the ’dark zone’
of material that is not scanned when the camera shutter is closed for buffer
clearance. Pictures of a few granules of several sieve fractions are taken and
are shown in the top part of the figure. The bottom part emulates the NIR-CI
setup in taking the same picture at a frame rate of 85 Hz. The frame rate
is the camera setting that is customised in this study. A certain chosen rate
determines the maximum possible exposure time, which can be as high as the
time between successive scans as dictated by the frame rate (i.e. in this case 85
scans per second) minus the time needed to write away the data from buffer
to memory. The bottom part of Figure 5.2 illustrates this by showing the
parts of the material that pass when the shutter is open as normal, whereas
the parts of the material that pass when the shutter is closed are darkened.
The information that is captured by the NIR-CI camera during one scan in
a certain pixel is integrated into one resulting spectrum of that pixel. In
other words, the spectral information of all the material that passes when
the camera shutter is open for a certain scan is aggregated into one resulting
spectrum. The consequence of this is that when both background (in this case
the conveyor belt) and material of interest (the granules) pass during one line
scan, the information of both is captured in one pixel. The effect that this has
on the background selection for image processing is discussed in Section 5.4.
Combining the speed of the conveyor belt (13.33 cm s−1 ) and the exposure
times that the camera allows, the distance that the belt moves during one line
scan can be calculated. This is shown in Figure 5.3.
In Figure 5.2 it can also be noticed that the granule size is a factor in which way
the granule will appear on the chemical image. This is also the part where the
effect of the camera settings are determining. The shutter speed is set at 88 Hz,
which gives a scanned length of 247 µm (Figure 5.3). This value is chosen for
that it allows for the smallest granules that are aimed to be detected, i.e. size
300 µm, to fill up the space in a line scan. As such, it is possible that, even
for these smallest granules, the pixels in which they are detected only contain
spectra of the material of interest and no background. Elevating the shutter
speed even more would make the probability of this occurrence even higher,
yet this would bring the risk that only smaller segments of the granules are
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Figure 5.3: Movement of conveyor belt (scanned length) during
exposure and dark time of NIR-CI setup.

scanned, which could be less representative for the overall granule size or for
the moisture content in the entire granule.
Finally, Figure 5.2 makes clear that depending on the granule size, a granule
can be captured in one or multiple line scans. Granules that are smaller than
the length of the dark scan zone can never be seen in multiple lines. Larger
size granules, on the contrary, are almost always seen in multiple lines, as
visible for the fraction of granules larger than 2000 µm in the bottom part of
Figure 5.2. This information is taken into account in Section 5.4.3 on granule
size estimation based on the hyperspectral images.
5.3.2

Experiments conducted

To validate the measurement method proposed in this study, three types of
experiments are needed. The first step is to compose a calibration model that
can link the spectral data to the water content in the granules. Secondly, a set
of measurements is performed to assure that the granule size can be detected
sufficiently well on the hyperspectral image. Finally, both size and moisture
content detection are again tested in the context for which this method is developed: two-dimensional distribution measurements of actual fluid bed dried
granules.
For composing the calibration model, NIR-CI measurements of pharmaceutical granules need to be linked to moisture content measurements by a reference
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method of the same samples. The wet granules for this study are produced
with the ConsiGma-1 twin-screw wet granulation system (GEA Pharma Systems, Wommelgem, Belgium). The screws are equipped with two kneading
zones of six kneading elements on each screw, positioned in a stagger angle of
60°. A mass flow rate of 15 kg h−1 is employed, along with a screw speed of
675 rpm and a liquid-to-solid ratio of 18 %. The powder formulation consists of
5 % API, 5 % HPMC, 15 % MCC and 75 % lactose monohydrate. The granules
are stored in zip-lock bags after production until sampling for specific experiments, such as for the calibration model experiments. For these trials, granule
samples of different moisture contents are prepared to be measured with the
NIR-CI setup and the reference method. In this process, attention is also paid
to granule size. As such, granules are taken from the stock of wet granules
and first sieved into fractions with the following cut-off sizes: 300, 710, 1400,
2000, 3150 and 5000 µm. The sieve fraction of >5000 µm is not used in the
experiments, as these are unusually large granules with often very irregular
shapes. Granules from the other size fractions are then left to dry in open
air for different times to achieve different moisture content levels. For each
level or drying time, granules of the size fraction are collected and stored in a
zipper storage bag for at least one hour, this for allowing the material inside
the bag to reach equilibrium with the air in the bag and thus achieving more
homogeneity of moisture content of the granules in the bag. This homogeneity
is desired to eliminate any effect of the subsequent sampling, as part of the
granules in the bag is sampled for NIR-CI measurement and the remainder
immediately measured with the reference method. The sieving is in this case
performed to prevent that larger granules dominate either measurement.
The reference method for moisture content determination comprises the losson-drying (LOD) method (Council of Europe, 2008) through oven drying overnight, in this case at a temperature of 90 ◦C. The samples are each loaded in
an aluminium plate of 1 dm wide for oven drying. The plates are measured
beforehand. Then the total weight of the sample and the plate are measured
before and after oven-drying to determine the mass loss due to evaporation
in the sample, which denotes the original moisture content. This method is
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chosen to ensure thorough heating and evaporation of water independent of
granule size.
A second set of measurements is aimed at verifying the granule size determination. For this, (dry) granules are also sieved to make up samples of different
size. The size fractions are chosen to be narrower than for the experiments
for the calibration model to check the granule size determination more rigorously. The lower bounds of the fractions are: 300, 500, 710, 1000, 1120,
1400, 1700, 2000, 2800 and 3150 µm. Again the sieve fraction of >5000 µm
is screened out. The granules in each sample are then first measured with
the NIR-CI and subsequently with the PartAn3D Dynamic Image Analyzer
system (Microtrac Inc., Montgomeryville, Pennsylvania, U.S.A.) for obtaining
a high-resolution PSD of the sample.
In the third set of experiments it is verified whether the proposed measurement
method can adequately measure the two-dimensional size and moisture content
distribution of fluid bed dried granules. As this data in specific cannot yet be
measured with any other instrumentation, the results are compared with the
closest and most accurate granule moisture content measured to date. This is
the measurement of the average moisture content per sieve fraction of granules
by LOD, as conducted in De Leersnyder et al. (2018). The sieve fractions
chosen for this case have lower boundaries of 300, 710, 1000, 1400, 1700, 2000
and 3150 µm. The LOD values for each size fraction are then compared to the
average moisture content of the granules in that fraction as detected by the
hyperspectral setup.
Finally, the concern that the granules would lose too much of their water content prior and during the NIR-CI measurement is taken into account. When
the granules are kept at room temperature, it is plausible that evaporation
occurs at a rate that is sufficient to cause an underprediction of the original
moisture content. The fluid bed dried granules moreover exit the drying process at an elevated temperature, possibly around 60 ◦C, at which they exhibit
even higher water evaporation rates. Storage in an enclosed atmosphere, such
as in the zipper storage bags, is not an option due to the possible homogenisation of the granules in moisture content, through which the original moisture
content distribution would be lost. To combat water evaporation between

84

5.4 PROCESSING OF SPECTRAL DATA

production and measurement of the granules, the granules are rapidly cooled
down by pouring into plastic trays positioned in a container with a bottom
layer of dry ice. The original scenario without cooling is also tested. For the
cooled granules also a specific calibration model is composed, i.e. the part of
the sample from the zipper storage bag destined for NIR-CI measurement is
also cooled before measurement. The temperature of water is namely a factor
in altering hydrogen bonding configurations, and consequentially its absorbance spectrum (Gowen et al., 2013). Any calibration model needs to take
this into account.

5.4

Processing of spectral data

To extract the information of interest from the spectral data, with as few
interferences as possible of any other influences, certain techniques exist for
pre-processing of the hyperspectral data (Vidal and Amigo, 2012). Firstly
dead pixel detection is executed by thresholding from the median spectra
of the image. The second step is de-noising of the data by Savitzky-Golay
smoothing with a polynomial degree of 2 and window size of 11 (Savitzky
and Golay, 1964). For scatter correction in the third step, Standard Normal
Variate (SNV) is the opted technique for intensity normalisation of the signal.
This step attempts to eliminate the interference in the measured spectra by
granule size and morphology. Each spectrum S is namely centred around zero
and scaled by the standard deviation of the values in the spectrum (σS ):
SSN V,i =

Si − S
σS

(5.1)

for all values in the spectrum corresponding to the absorption at the ith wavelength.
All spectral data processing occurred in MATLAB (MathWorks® , Natick,
Massachusetts, USA), version R2019a. For the operations for dead pixel detection, smoothing, intensity normalisation and background detection, the
HYPER-Tools package is used (Mobaraki and Amigo, 2018).
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Background detection: locating granules on the hyperspectral
image

As discussed in Section 5.3.1, the fast granule throughput in the NIR-CI measurement has an effect on the construction on the hyperspectral images. One
of the consequences is that background detection needs to be performed in
every pixel.
Most commonly, background detection is performed with a clustering algorithm, of which k-means is used most often (Sacré et al., 2014). This algorithm
entails an unsupervised classification of pixels into a given amount of classes
based on the distance between pixels. The issue with the images resulting
from the NIR-CI setup in this study is that a significant amount of pixels in
each image contains spectral information from both background and material
of interest mixed into one resulting spectrum. This is because during one exposure time both background (conveyor belt) and granular material can pass
through the field of view of a pixel of the camera. Consequently, the pixels in
the image are difficult to categorise into the two categories of background and
region of interest. Instead, the pixels exhibit a continuous distribution of the
amount of background and other spectral information contained within.
From this perspective, another approach is taken to quantify the amount of
background interference in each pixel of the images. Other sources of information are namely available: the pure absorption spectra of the conveyor belt,
powder blend and water. These spectra are used through the Classical Least
Squares (CLS) algorithm to determine the amount of background contribution
in each pixel. CLS is based on Lambert-Beer’s law, which states that the absorptivity of a component j in a mixture (Aj ) is related to the concentration
(cj ) and the absorptivity of the pure component (aj ) according to:
Aj = aj `cj

(5.2)

with ` the optical path length. The total absorbance of the mixture (Am ) is
then the sum of the absorbances of all the components in the mixture at each
wavelength:
Am = Σj aj `cj .
(5.3)
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It is assumed that path length ` is the same for all components. As a result
of the NIR-CI measurement, a mixture spectrum Am is found in each pixel.
The pure spectra A of the present components, i.e. the conveyor belt, the
powder blend and water, are also measured. This allows for estimation of the
concentration of the components in each pixel based on Eq. 5.3. The CLS
algorithm performs this by minimising the error E between the measured
spectrum Am and the right hand side of Eq. 5.3:
E = Am − Σj aj cj .

(5.4)

Squaring and summation of E then lead to the total error that is minimised in
the algorithm. The CLS function is also available in HYPER-Tools (Amigo,
2010; Vidal and Amigo, 2012), and uses the Fast Non-Negativity-constrained
Linear Least Squares (FNNLS) algorithm for minimisation (Bro and De Jong,
1997).
The result is, that in every pixel of a hyperspectral image a concentration of
background cbg is estimated. The pixels used in further processing and model
building are then selected by thresholding with a maximum allowed cbg in the
pixel.
5.4.2

Calibration model: from spectrum to moisture content

Once the data has been pre-processed and the background removed, it is used
for modeling the moisture content of the granules. A model needs to be found
that predicts the moisture content of the granular material based on the (preprocessed) absorption spectrum available. As the moisture content, as the
modeled variable Y, is continuous, either resolution or regression techniques
can be applied. Of the former, Multivariate Curve Resolution-Alternating
Least Squares (MCR-ALS) is most used in hyperspectral data analysis (Sacré
et al., 2014). In short, the technique bears similarities to CLS, but in the
case of MCR-ALS the pure spectra are used as an initial estimation and the
apparent spectra of the components in the mixture, which might differ due to
their interactions, are also estimated.
In the case of the calibration model experiments, the average moisture contents or water concentrations in the samples are known thanks to the LOD
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measurements. This means that Y is available for regression. MCR-ALS is,
on the other hand, more practical when this information is not available. Also
using CLS itself bears risks, as any perturbations in the spectra of the substances due to their physical state or interactions with other substances in the
mixture affect its predictions.
Partial Least Squares regression (PLSR) is a robust regression technique to
deal with multivariate data and is widely used in the field of spectroscopy
(Sacré et al., 2014). It makes use of the covariance between descriptor variables
X and response variables Y. In the case of spectroscopy, X are the spectra
that are the input of the regression model, and Y contains the concentration
of the compounds that correspond to each spectrum in X. X is an m × n
matrix for m spectra containing (pre-processed) absorption intensities at n
wavelengths. The dimensions of Y are in this case m × 1, as the water content
is the only measured concentration in this study.
The goal of PLSR is to calculate regression coefficients β by compression of
the descriptor data X into A latent variable or factor scores T. These scores
are then fit to the response variables Y. The calculation of T is subjected to
the criterion of maximising the covariance between X and Y, as well as the
orthogonality criterion for T. In this study, the SIMPLS algorithm is used to
perform PLSR (de Jong, 1993), which circumvents the construction of deflated
data matrices for calculation of T.
Around n= 40 measurements are conducted for composing a calibration model,
whereas the amount of predictor variables m corresponds to the amount of
wavelengths at which the absorption intensity is available. Depending on the
selection performed (the absorption at some wavelengths on the edge of the
spectrum is omitted due to data noisiness), m is at least 168, meaning that
the number of variables is large compared to the amount of observations.
Multicollinearity can be an issue in performing regression on this dataset.
This means that predictor variables X can be linearly related to each other,
resulting in less statistically robust models. In this case, variable selection
as well as shrinkage of the importance of certain variables can be performed
(Zou and Hastie, 2005). Model regularisation is a process that achieves this
by penalising model complexity in the model training process. Elastic Net
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regression (ENR) is such a regularisation technique that imposes a penalty
on the regression coefficients of the model itself. Coefficients are shrunk, or
reduced in value, in order to diminish their influence in the model. In this
process, the variance of the model is reduced, as the variable influence on the
model predictions is shrunk, while the model bias can increase as a trade-off.
The regularisation approach is an addition to Ordinary Least Squares (OLS),
where the following error EOLS is minimised for estimation of the regression
parameters β̂:
n 
X

EOLS (β̂) =

yi − x0i β̂

2

= kY − Xβ̂k2 .

(5.5)

i=1

In Eq. 5.5 to 5.8 X i denotes the measured moisture content of sample i, Si
is the vector containing the spectrum of that sample and β j is the regression coefficient pertaining to the j-th variable (i.e. the j-th wavelength in the
spectrum). ENR adds another penalty to the minimisation problem, one that
is actually the combination of the penalties in two other regularisation techniques (Zou and Hastie, 2005). The first thereof is Ridge Regression (Hoerl and
Kennard, 1970), which penalises the size of the coefficient estimates as another
term to be minimised:
ERidge (β̂) =

n 
X

yi − x0i β̂

2

+ λRidge

i=1

m
X

β̂j2 = kY − Xβ̂k2 + λridge kβ̂k2 . (5.6)

j=1

The higher the value of regularisation penalty λRidge is chosen in Eq. 5.6, the
more the size of the coefficients is penalised in the minimisation. The choice
of λRidge is in this study made based on the cross-validation error.
The second additional penalty in ENR stems from the LASSO regularisation
technique (Tibshirani, 1996). Where Ridge Regression penalises the sum of
squared coefficients, LASSO penalises in the form of the sum of the absolute
values of the coefficients:
ELASSO (β̂) =

n 
X
i−1

yi −

x0i β̂

2

+ λLASSO

m
X
j=1

β̂j ,

(5.7)
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with λLASSO as the regularisation parameter. The effect of Eq. 5.7 is that
coefficients can be set to zero, whereas this does not occur in the case of Ridge
Regression. ENR combines the penalties weighted by parameter α:

Pn 
EEN R (β̂) =

i−1

yi − x0i β̂
2n

2


+ λEN R 

m
1−αX

2

j=1

β̂j2 + α

m
X


β̂j  . (5.8)

j=1

As such, both variable selection with LASSO and shrinkage with Ridge Regression are combined in composing the regression model, thus punishing model complexity and multicollinearity. The execution is done with the lasso
function in MATLAB.
The Elastic Net method has been applied to spectroscopic data in Craig et al.
(2014) for classification purposes (instead of quantification with regression in
this study). The resulting coefficients of the Elastic Net model therein are
even used to identify the relevant chemical compounds in the studied material
by comparison to the vibrational overtones with a characteristic absorption at
the wavelengths that turned out to be influential in the model.
Finally, in order to compare the calibration models of both approaches, the
quality of the models is assessed by means of the coefficient of determination
(R2 ), MSE and RMSE-values (Eqs. 5.9 to 5.11), based on K amount of predictions, thus for every sample k comparing the predicted moisture content by
the calibration model ŷk to the measured value yk .
2

P

k

(yk − ŷk )2

k

(yk − y)2

R =1− P
PK

k=1 (ŷk

M SE =

K
s

RM SE =

− yk )2

PK

k=1 (ŷk

K

− yk )2

(5.9)

(5.10)

(5.11)
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Figure 5.4: Illustration of steps in granule size determination in
a section of a hyperspectral image. On the left is the background
concentration in each pixel, as determined by CLS. In the middle, the
binary image shows pixels classified as above or below background
threshold. In the right, each group detected by the regionprops
function in MATLAB is shown in a different colour. Letters mark
groups used to exemplify the rules for classifying a group as a single
granule or not.
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Granule size determination

Based on the information that the NIR-CI camera perceives (described in
Section 5.3.1) and the background detection method from Section 5.4.1 the
method for estimation of the granules’ size is composed. The first step is
namely to classify the pixels according to whether these are background or
material of interest. This step relies on the concentration of background in
each pixel, as determined with CLS. An example of this can be seen in the
left part of Figure 5.4. A threshold background concentration is chosen, with
pixels containing less background than the threshold classified as part of a
granule.
This way, every pixel has a value 0 (background) or 1 (granular material),
such as in the middle section of Figure 5.4. A function to detect all groups
of connected pixels with the same value 1 is already present in MATLAB
under the name regionprops, and is thus used to group all connected pixels
supposing that these all denoted the same granule. This step is exemplified as
going from the middle to the right representation in Figure 5.4, where separate
groups are shown in different colours. Depending on its size, one granule will
be detected in one or multiple line scans or pixel lines. For example, groups E
and F in Figure 5.4 span 2 and 4 lines respectively. The granule size is then
simply estimated as the length of the pixel line with the most pixels in the
group, times the actual length of the pixel, which is 84.375 µm.
It is naturally not always the case that such a group always represents exactly
one granule, as granules could have been too close during the measurement
and falsely detected as one. For this and other obstacles, some rules are
implemented to check the groups of pixels that the regionprops-function
classified as a granule and determine whether these adequately represent a
single entity. Some groups of pixels on the right part of Figure 5.4 are used to
illustrate these rules.
1. If any of the pixels in the group is on the edge of the image, the group
is unreliable to represent an entire granule and not qualified for further
processing. Group A is an example of that.
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2. Groups that do not reach a certain material concentration in their pixels
are also not taken into account. This could mean that only part of
a granule is observed and would not sufficiently represent the entire
granule. Group D is such an example, in the left of Figure 5.4 it shows
that there is too much background in all of its pixels.
3. If the group of pixels spans multiple line scans, the centres of the lines
need to be within a certain horizontal distance of the centre of the longest
line. This distance is chosen as 1/4 of the length of the longest line in
the group of pixels. If this is not fulfilled the group is not qualified, as it
probably is a cluster of granules detected as one. In that respect group E
will make the cut as the centres of the lines are within a short horizontal
distance of each other. Group F, on the other hand, is probably a cluster
of granules as its centres are too far apart. Group B finally will narrowly
be counted as a granule.
4. If a group spans multiple line scans and its size is less than 2000 µm, it
does not count as a granule. It is in this case more probable that these
are a group of small granules positioned behind each other or a needleshaped granule. In the latter case, its size would be overestimated. The
rule is also enforced the other way around: groups containing only one
line with a size larger than 2000 µm are not qualified. This is the case
for group C, which is probably an observation of more than one granule
lying close to each other when passing the camera.
5. In the following rules the material and background concentration in
a pixel are used (these concentrations are determined with CLS, see
Section 5.4.1). It is observed in the images that granules smaller than
700 µm rarely reach pixels with 100 % granular material. This probably
occurs due to scattering. This information is used in the size detection
as follows: if the pixel with the highest material concentration, in a group
of a size larger than 700 µm, does not reach a concentration of 90 %, the
group is not qualified for further processing.
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6. The final rule is also based on the material concentration in the pixels.
It is solely carried out on groups that span only one line scan. If a local
minimum, or ‘dip’, is found in the material concentration profile over
the pixels, it is assumed that the group consists of multiple granules in
reality and the group is not qualified.
The groups of pixels that passed all rules are seen as accurate representations of
single granules. Of these entities thus size and moisture content are determined
simultaneously.

5.5

Results and discussion

5.5.1

Background detection success with Classical Least Squares

The approach for background removal based on the contribution in each pixel
performed well. It allowed to find the pixels with actual granular material
detected in them. It is not possible to perform this by k-means clustering.
The CLS-algorithm thus proved a valuable tool for the images in this study.
The smaller the granules were, the more important this classification proved
to be. It is namely observed that granules between about 300 µm to 700 µm do
not reach 100 % of granular material in any of their pixels. This is despite the
choice of camera settings in Section 5.3.1. Most probably this is due to scattering of the reflected photons, which introduces a contribution of background
information in the pixels through which the small granules passed.
5.5.2

Granule size determination

The verification of size estimation accuracy based on the hyperspectral images is not performed one-on-one. Instead, a sample of granules is subjected
to NIR-CI and collected again for determination of the PSD of the sample.
The samples are taken from (narrow) sieve fractions. The comparison now
boils down to verifying whether the granule sizes that are determined based
on the hyperspectral images are also found within the absolute number-PSD
measured in high resolution with the PartAn3D system.
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It is namely not possible to achieve the same PSD with both methods, first
of all because not even every granule is captured on the spectral image.
The smallest granules can pass by during the shutter closing of the camera
(Section 5.3.1). Then also the rules for groups of pixels to be classified as good
representations of single granules (see Section 5.4.3) eliminate some granules
from the image. As such, in Figures 5.5 and 5.6, the results are good when the
granules detected on the hyperspectral image are found under the curve (i.e.
the same size range) that represents the PartAn3D PSD in absolute numbers.
A global observation is that mostly size quantification based on the hyperspectral image is in line with the PartAn3D PSD, with a few exceptions depending on the size class. In the case of the largest fractions >3150 µm and
>2800 µm, the size determination is not exactly ‘spot on’ one-to-one for the
large granules in the sample. Yet this result is seen as sufficient considering
that the hyperspectral camera only can see parts of the granules, in 2D. The
PartAn3D system takes the largest length found in 3D as the granule size.
What can also be noticed is that, despite the sieving, still some small granules
of about 100 µm to 400 µm are present in the measurement. This could be due
to some erosion in the process, yet it could also have been an inaccuracy in
the sieving and sampling process itself.

Figure 5.5: Comparison of granule sizes of samples estimated from
the NIR-CI data and high resolution PSD by PartAn3D . Each plot
represents measurement results with both methods on a sample of
granules from the specified size fraction.

CHAPTER 5 2-D MOISTURE CONTENT AND SIZE MEASUREMENT OF PHARMACEUTICAL
GRANULES
95

5.5 RESULTS AND DISCUSSION
96

Figure 5.6: Comparison of granule sizes of samples estimated from
the NIR-CI data and high resolution PSD by PartAn3D . Each plot
represents measurement results with both methods on a sample of
granules from the specified size fraction.
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Calibration model - PLS versus ENR

Partial Least Squares regression
First, the results for the granules at room temperature are assessed, i.e. the
granules that are not cooled before NIR-CI measurement. For composing the
calibration models the dataset is divided into a model train and test set, with
shares of respectively 70 and 30 % of the data. An evaluation of the PLSR model is shown in Figure 5.7. As such it can be seen that increasing the number of
components in the PLS model from 1 to 2 significantly improves the prediction
of moisture content, whereas adding additional components does not improve
the predictions remarkably. The latter even harms the predictions on the test
data set, which can be derived from the RM SE test values in the predicted
versus observed LOD results in the right-hand side of Figure 5.7. Therefore
in this case of room temperature granules, the amount of components is set
at 2. Looking at the scores of the different components of the PLSR model, the resemblance of the first component and the absorption spectrum of
water is apparent. The peak in the scores around a wavelength of 1420 nm
corresponds to the region where water has a high absorption intensity. This
is also a region where the difference in absorption between water and lactose,
the most abundant compound in the granules, is the largest. The other components presumably correct for other interferences in the measured spectra.
Hence the measured spectra of the other powder compounds present in the
granule formulation are also plotted in the bottom left-hand side of Figure 5.7,
except the spectrum of the API due to confidentiality reasons. The scores of
the second PLS component do however resemble the measured spectrum of the
API. Finally, the granules’ size has not been found to impact the moisture content derivation, which indicates that the SNV intensity normalisation in the
pre-processing of the spectra eliminated granule size interference sufficiently.
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Figure 5.7: PLSR calibration model results for non-cooled granules:
relating mean spectrum of material in an image to corresponding
LOD.
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Elastic Net regression
Moving to the case of ENR, first the trade-off between Ridge Regression and
LASSO is evaluated. This trade-off is denoted by the parameter α in Eq. 5.8:
the lower α is, the more shrinkage will occur, and as α is higher more variable
selection takes place as more variables are set to 0. The results are shown
in Figure 5.8. From the resulting MSEs (top) it can be seen that there is no
pattern visible in function of α, only that at a value of 0.7 a minimum is found.

Figure 5.8: Optimal ENR model characteristics in function of tradeoff parameter α. Results are those at ENR regularisation parameter
λEN R at lowest MSE: average MSE and standard deviation of tenfold cross-validation in model training step (top), value of regularisation parameter λEN R (middle) and amount of non-zero coefficients
remaining in the regression model.

This could be coincidental and might correspond more to the optimal λEN R
found at low value, as can be seen in the middle. It can be seen how raising
α, which is the contribution of the LASSO penalty in the overall ENR loss
function, diminishes the number of variables, or wavelengths, that are included
in the regression model. In Figure 5.9 the search towards an optimal value
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for λEN R is apparent, which is evaluated by the average MSE and standard
deviation in ten-fold cross-validation on the training data.

Figure 5.9: Average MSE and standard deviation in ten-fold crossvalidation of ENR model, in function of regularisation parameter
λEN R . ‘LambdaMinMSE’ corresponds to the λEN R at minimum
MSE, ‘Lambda1SE’ is the largest λEN R value where the MSE is
within one standard error of the minimum MSE.

Comparison
Figure 5.10 allows for comparing both calibration model approaches in terms of
predictive performance. In this figure the average spectrum of material in the
image (without background) is used as one observation of predictor variables
(one row in the X-matrix, see Section 5.4.2), corresponding to an observation
of moisture content by LOD (one element of the Y -matrix). Both PLSR (with
two components) and ENR score quite well on both train and test datasets.
R2 -values for the test sets are only slightly lower than for the train set. RMSEvalues are also very low. ENR slightly outperforms PLS by reaching RMSEs of
0.056 wt% and 0.113 wt% for training and testing respectively, yet the PLSR
model also can be considered quite accurate with RMSEs of 0.080 wt% and
0.143 wt%.

Cooled granules
The same exercise is done for the granules that are cooled with dry ice before
NIR-CI measurement. Based on the PLS results in Figure 5.11, the difference
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Figure 5.10: Predicted versus observed moisture contents by PLSR
and ENR for non-cooled granules.
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Figure 5.11: PLSR calibration model results for cooled granules:
relating average spectrum of material in an image to corresponding
LOD.
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seems to be that increasing the number of components until 4 is beneficial for
both train and test predictions. The first component is again comparable to
the spectral difference between water and lactose. As the granule temperatures in the enclosure with dry ice can reach −40 ◦C, there is a risk that any
ice formation could affect the measurement accuracy for moisture content.
The PLSR to non-cooled granules did perform slightly better with even fewer
components, but as the spectrum of water is again resembled by the first component, the conclusion is that the possible freezing effect is sufficiently small.
Possibly the water in the granules does not freeze as fast as free water because
of its adherence to the solid compounds of the formulation.
Proceeding with the ENR model characteristics in Figures 5.12 and 5.13, again
no significant model performance difference is given by varying trade-off parameter α. The amount of non-zero coefficients remaining in the model is
however higher than the case for non-cooled granules (Figure 5.8). This is
also the result of the optimal λEN R -values being lower, indicating that more
variables, i.e. information at more wavelengths, is necessary to achieve the
best predictions.
Figure 5.14 ultimately shows that ENR outperforms PLSR with 4 components in relating the average spectra to the LOD-values. Looking at their
corresponding coefficient values in Figure 5.15 the PLS model does reveal a
shift to wavelengths between 1450 nm to 1500 nm. The ENR model also takes this region into account, together with numerous other wavelength regions
with different sparsity.
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Figure 5.12: Optimal ENR model characteristics in function of
trade-off parameter α for cooled granules. Results are those at ENR
regularisation parameter λEN R at lowest MSE: average MSE and
standard deviation of ten-fold cross-validation in model training step
(top), value of regularisation parameter λEN R (middle) and amount
of non-zero coefficients remaining in the regression model.

Figure 5.15: Calibration model coefficient values for cooled granules.
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Figure 5.13: Average MSE and standard deviation in ten-fold crossvalidation of ENR model for cooled granules, in function of regularisation parameter λEN R . ‘LambdaMinMSE’ corresponds to the
λEN R at minimum MSE, ‘Lambda1SE’ is the largest λEN R value
where the MSE is within one standard error of the minimum MSE.

Calibration model based on selected spectra
To evaluate both models again, two homogenised samples are measured with
the NIR-CI, one with low and another with high moisture content. The LOD
is also measured, similar to the experiments performed to compose the calibration model itself (Section 5.3.2). Figure 5.16 shows the results thereof. For
the low moisture content sample (Figure 5.16a), it would seem that PLS does
a better job at aligning the distribution with the mean moisture content found
through LOD, but also an odd influence of granule size seems to be present
and quite some smaller granules are even predicted to have a moisture content
less than zero. In the case of ENR this interference is not apparent, yet an
overprediction of the granule moisture content has occurred. For the higher
moisture content (Figure 5.16b) the distribution means correspond well to the
LOD, though still, the width of the distribution is larger than expected for
a homogenised sample. (There is currently no method to verify this actual
width, however.) It is assumed that there is a contribution of spectral noise
to the moisture content predictions, to which the model is not yet trained.
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Figure 5.14: Predicted versus observed moisture contents by PLSR
and ENR for cooled granules.

(a) LOD of 2.8848 wt%

(b) LOD of 12.5023 wt%
Figure 5.16: Moisture content and size of granules per calibration
model. Distributions of moisture content are given in boxplots.
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In an attempt to improve these predictions, the calibration models are composed in a different way: instead of relating the LOD to the average spectrum
of the material in the images, now a random selection of 50 spectra of material in each image is used as the set of observations to relate to the predictor
variable. The rationale of this is that fitting in this way might include the
effect of any remaining noise on individual spectra in the model, possibly abating it. Figure 5.17 evaluates the PLS model based on multiple spectra per
sample. Quantitatively the regressions are worse than those with the average
spectra (Figure 5.11). It seems that within one sample, the spectra are quite
distributed, which probably occurs through both moisture content and noise
remaining after spectral preprocessing. Including 4 PLS components gave the
best prediction results.
As for the ENR model, the same conclusions could be made in this case with
respect to the effect of trade-off parameter α (Figure 5.18) as for the ENR
model using the mean spectra of the images in Figure 5.12. The optimal
λEN R -values are also low and in the same range, indicating a certain amount
of variables is needed in the model.
It is clear in Figure 5.19 that ENR again beats PLSR in terms of prediction
2
accuracy (Rtest
respectively 0.899 and 0.854 for ENR and PLSR), but it does
not reduce the predicted distribution of moisture content per homogenised
sample remarkably. The resulting moisture content and size distributions, of
the homogenised samples that are specially tested for this, did become more
accurate (Figure 5.20).
5.5.4

Fluid bed dried granules

The ultimate test for the data collection method in this study is the comparison
with the moisture and size data collection from De Leersnyder et al. (2018).
Granules are batch fluid bed dried and measured with both methods, NIR-CI
and LOD per size fraction.
Figures 5.21 and 5.22 show two-dimensional size and moisture content distributions of two batch fluid bed drying experiments, where granules are not
cooled prior to NIR-CI measurement. The LOD per sieve fraction results are
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Figure 5.17: PLSR calibration model results for cooled granules:
relating randomly selected spectra of material in an image to corresponding LOD.
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Figure 5.18: Optimal ENR model characteristics in function of
trade-off parameter α. Results are those at ENR regularisation parameter λEN R at lowest MSE: average MSE and standard deviation of ten-fold cross-validation in model training step (top), value
of regularisation parameter λEN R (middle) and amount of non-zero
coefficients remaining in the regression model.

Figure 5.19: Predicted versus observed moisture contents by PLSR
and ENR for cooled granules, where both regressions are based on
randomly selected spectra.

109

110

5.5 RESULTS AND DISCUSSION

(a) LOD of 2.8848 wt%

(b) LOD of 12.5023 wt%
Figure 5.20: Moisture content and size of granules per calibration
model.
Distributions of moisture content are given in boxplots.
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also shown. These moisture-size distributions at both drying times have in
common that for the largest granules the moisture content is underpredicting
the LOD data, and the opposite is true for the smallest size fractions. The
hypothesis is that during the time that the granules spent before eventually
being scanned, the moisture content in the population normalised, as the granules move towards equilibrium with the air present in the granules stacked
in the feeder. This way water is evaporated from the wettest granules and
absorbed by the driest in the population. To capture a sufficient amount of
granules in the image, at least 15 hyperspectral images are captured, amounting to around 15 min of measurement time.
This process does not occur to the entire population that is measured with
the LOD per size fraction method, as the sieve fractions are separated and do
not affect each other. Figures 5.21 and 5.22 thus illustrate the necessity to
trap and hold the water in the granules after drying, in order to observe the
original water content with the NIR-CI system.
Figures 5.23 to 5.25 show the two-dimensional moisture-size distributions for
the experiments where granules are cooled. It is clear that compared to
the non-cooled samples there is no systematic underprediction by the NIR-CI
system compared to the LOD per sieve fraction data. On the contrary, the
moisture contents predicted by PLS are always larger by a certain margin.
This margin is about 1 wt% to 2 wt%. In the case of ENR the overprediction
is not constant across size fractions and increases as the granule size decreases.
For the largest granules, ENR results are underpredicting with less than 1 wt%.
The explanation for these discrepancies is most probably found in the different sample preparations of the NIR-CI and LOD per sieve fraction approach.
Foremost, during the sieving of the material in the latter method, some moisture loss can occur. The sieves need to be shaken and bring the granules in
contact with the air in the sieves. Then not all sieve fractions are measured
simultaneously but are instead weighed sequentially starting from the largest
fraction. Also due to that time, some moisture loss can occur. With that in
mind, the instant cooling of the granules might preserve the moisture content
of the granules better, leading to higher moisture content observations. It
is also possible that condensation occurs on the granules during cooling or
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Figure 5.21: NIR-CI and LOD per size fraction data of a batch of
granules that is fluid bed dried for 60 s at an inlet air temperature
of 60 ◦C. Granules are not cooled prior to NIR-CI measurement.
NIR-CI data are evaluated with two calibration models. Boxplots
indicate the distribution of moisture content within a size fraction
corresponding to those used for LOD measurement. Horizontal lines depict the boundaries of the sieve fractions on which LOD is
performed.

NIR-CI measurement, but this effect should be minimised in the predictions.
The calibration models namely take into account this process if it occurs, as
these relate the spectra of the cooled granules to the LOD of the part of the
corresponding samples that are not cooled (Section 5.3.2).
Regardless of the calibration model, the NIR-CI results show that the remaining moisture content after drying increases with granule size, entirely in line
with the results from the LOD measurements as well as the experimental conclusions from De Leersnyder et al. (2018). Next to that, the observation that
the difference in remaining moisture content across size classes increases with
drying time, rings true in all the collected data (Figures 5.23 to 5.25). This
confirms that the drying rate of granules is higher as the granules are smaller.
The width of the moisture content distribution is found to increase with decreasing granule size. Whether this is a result of drying cannot immediately
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Figure 5.22: NIR-CI and LOD per size fraction data of a batch of
granules that is fluid bed dried for 90 s at an inlet air temperature
of 60 ◦C. Granules are not cooled prior to NIR-CI measurement.
NIR-CI data are evaluated with two calibration models. Boxplots
indicate the distribution of moisture content within a size fraction
corresponding to those used for LOD measurement. Horizontal lines depict the boundaries of the sieve fractions on which LOD is
performed.

be concluded. This could also be the consequence of the hyperspectral measurement. For the larger granules, more pixels are available for deriving the
moisture content, possibly reducing the effect of noise. In small granules, only
a few pixels are available.
Some differences can, however, be found that are due to the type of calibration
model. PLSR shows no underpredictions for the LOD data and follows its
trends quite well. The resulting distributions are however wider than those
found with ENR. This could mean that ENR is more precise in its moisture
content prediction, which is the purpose of the technique. Granule moisture
contents derived with ENR only suffer from underprediction of the moisture
content in the largest size class (>3150 µm). They are found to have the same
average moisture content as the granules of size 2000 µm to 3150 µm. This
could indicate that the penetration depth of the signal is limiting for the largest

114

5.5 RESULTS AND DISCUSSION

Figure 5.23: NIR-CI and LOD per size fraction data of a batch of
granules that is fluid bed dried for 45 s at an inlet air temperature of
60 ◦C. Granules are cooled prior to NIR-CI measurement. NIR-CI
data are evaluated with two calibration models. Boxplots indicate
the distribution of moisture content within a size fraction corresponding to those used for LOD measurement. Horizontal lines depict
the boundaries of the sieve fractions on which LOD is performed.
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Figure 5.24: NIR-CI and LOD per size fraction data of a batch of
granules that is fluid bed dried for 60 s at an inlet air temperature of
60 ◦C. Granules are cooled prior to NIR-CI measurement. NIR-CI
data are evaluated with two calibration models. Boxplots indicate
the distribution of moisture content within a size fraction corresponding to those used for LOD measurement. Horizontal lines depict
the boundaries of the sieve fractions on which LOD is performed.
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Figure 5.25: NIR-CI and LOD per size fraction data of a batch of
granules that is fluid bed dried for 90 s at an inlet air temperature of
60 ◦C. Granules are cooled prior to NIR-CI measurement. NIR-CI
data are evaluated with two calibration models. Boxplots indicate
the distribution of moisture content within a size fraction corresponding to those used for LOD measurement. Horizontal lines depict
the boundaries of the sieve fractions on which LOD is performed.
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granules. Despite that, even these predictions are within 0 wt% to 2 wt% from
the LOD of the size class. The ENR overpredictions of LOD in the smaller
size classes are, as stated above, probably the result from evaporation during
the sieving for the LOD measurement, and thus not of concern. In general,
ENR is considered more reliable concerning the moisture content distribution,
thanks to the preciseness of the technique.

5.6

Road to industrial application

With the measurement concept proven, certain steps can be discerned to
achieve an industrially implementable measurement system. A first step should
be the improvement of the image processing to obtain more accurate results.
Other calibration model approaches could return a more robust moisture content estimation and the granule size determination could be performed with a
data-driven method instead of the current heuristics. The sample preparation
for the off-line method could also be improved by monitoring and controlling
the conditions of air temperature, humidity and storage time. Whereas these
advances can be made for the off-line system, other sensor configurations can
be aimed for. The current method could simply be turned into at-line by
utilising a sample thief. Detailed measurements could thus be performed on
material sampled straight from the process if the sampling is adequate. However, caution must be paid to not disturb the original process dynamics,
which can be influenced by the amount of material in the system. Therefore,
the ultimate goal is an on- or in-line system. Regardless of configuration, a
disperion of the granules in front of an NIR-CI system needs to take place so
that individual properties can be detected. Before pursuing these setups it is
beneficial to estimate the speed of the measurement that could be achieved.
The minimum amount of sample and the required exposure time determine
this aspect. In this aspect, it could also be opted to go for a plane scanning
NIR-CI approach instead of the current push-broom imaging. Finally, a procedure for device calibration should be conceived that makes this stage as facile
as possible. Such a system would allow to finally measure the actual product
properties of drying material or particulate product in general.
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Regarding application in the pharmaceutical industry specifically, information
can be gained from the guidelines composed by the EMA on submission of
NIR spectroscopy procedures (EMA, 2014). Some elements that will need to
be considered for regulatory approval are:
 the presence of a calibration dataset, as well as an internal and external
validation dataset, in which the latter is not sampled from the same
population of material as the former two sets,
 consideration that the amount of measurements for the calibration model
should be much larger than the amount of latent variables therein,
 clear specification of the uncertainty in the reference method and the
intended performance,
 proof of the robustness of the method against variations that are not
related to the analyte of interest, showing its specificity for this analyte,
specifying the accuracy and precision of the method along with limits of
detection, and finally the linearity of the model,
 indication of the management of the NIR procedure lifecycle, for efficient
and effective post-approval changes.

5.7

Conclusions

In conclusion, the size and moisture content of pharmaceutical granules could
be measured adequately with the hyperspectral imaging setup conceived in
this study. In some image processing steps, new techniques are applied for
achieving the result. The images resulting from the setup with fast line scanning of material on a conveyor belt namely necessitated a quantification of
the background contribution in each pixel, which was successfully performed
with Classical Least Squares. Despite the lesser amount of information on
granule morphology from the hyperspectral images, still, a sufficiently accurate size detection could be achieved in this study. Improvement is however
still possible and would benefit the accuracy of the moisture-size distributions. Although both calibration model approaches resulted in good correlations
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between spectra and moisture content, Elastic Net regression outperformed
Partial Least Squares regression in terms of goodness of fit to training and
testing data, as well as in preciseness of moisture content prediction. Using a
random selection of spectra of a sample to the moisture content also proved
beneficial for abating noisiness, as opposed to using the mean spectrum of a
sample. To abate moisture content decrease during the span of the NIR-CI
measurement of the batch of granules, it was necessary to cool the granules
rapidly after drying. With this step in place, the moisture content of fluid
bed dried granules could be adequately detected with the hyperspectral setup.
The trends of granule drying behaviour and the effect of size are in line with
conclusions of the LOD per size fraction method and those from literature.
The quantitative difference between NIR-CI and LOD data is most probably
caused by the evaporation during the latter method. Quantitatively the moisture content distributions are still affected by noise contributors in the entire
NIR-CI measurement process, but at least qualitatively these can be a source
of information concerning fluidisation and granule drying behaviour in general. Information of the distribution is not present in measuring the average
moisture content of a sieve fraction, whereas this is of great importance to
drying models. It is even essential in the study of the semicontinuous drying
systems that are currently employed in pharmaceutical continuous manufacturing lines. The data generated in this study can be used for increasing the
understanding of the process, incorporating that knowledge in mathematical
models, and ultimately performing the most accurate calibration and validation of those models. In the next Chapter, the developed method is used for
investigating moisture-size distributions on semicontinuous drying in function
of process parameters and drying time.

CHAPTER 6
Moisture-size distributions after
semicontinuous drying

Abstract
In drying of pharmaceutical granules, it is desired to reduce the moisture
content of the material to a certain level as efficiently as possible. In the
ConsiGmagranulation line, a semicontinuous drying system is in place to
achieve this for continuous manufacturing. Due to the nature of this fluid
bed type dryer, the outcome thereof could be that the moisture content of
the granules is a distributed property and that simply evaluating the average
moisture content leads to missing out on insights into the drying process. This
work, therefore, revolves around the application of the hyperspectral imaging
method that is set up in Chapter 5 to yield moisture and size distribution
data of the dried product. Drying is carried out on a ConsiGma-1 system,
which allows for faster, more controlled experimentation and visual analysis
of the drying behaviour. The subjects studied are, first of all, the accuracy of
the NIR-CI-based measurement technique and experimental variability, and
ensuing, the effects of filling rate, bed mass, airflow and drying time on the
moisture distributions. Despite a certain experimental variability in the trials
on a ConsiGma-1 system, the measurement technique led to unique observations that were in line with fluid bed drying phenomena affecting the moisture
content distributions in the granular product.
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6.1

6.1 INTRODUCTION

Introduction: an intricate drying process
leads to moisture distributions

Several factors in the semicontinuous drying process raise the probability that
granule moisture content is a distributed property, instead of having a uniform
value. Foremost, the continuous filling of the dryer cell makes that the granules
of the key product each start their drying at different times. The end time
is the same for all the material as it exits the dryer cell all at once. The
continuous filling is the largest difference with a true batch fluid bed drying
process, where all the substance enters the drying system at the same time.
Thus, in the semicontinuous case, the granules essentially have different total
drying times. Yet that is not the only variation caused by the continuous
filling. The granules entering at different time points also experience different
conditions in the dryer cell, due to the increasing mass of granules present
therein.
That this dryer cell mass loading affects fluidisation properties, has been established in literature. Delebarre et al. (2004) investigated the effect of bed
mass, i.e. the mass of material that is being fluidised, and concluded that
it affected the minimum fluidisation velocity. The latter is the minimum superficial air velocity necessary to fluidise the material, at which the weight
of the particles in the bed is compensated by the drag force of the upward
flowing gas (Anantharaman et al., 2018). Bed mass also affects channelling
(the appearance of channels of fluidisation gas through the bed) and the bed
porosity at minimum fluidisation (Delebarre et al., 2004). Whereas the latter
study’s findings were on experiments with materials of Geldart A and B type
of fluidisation properties, Thonglimp et al. (1984) and Tannous et al. (1994)
concluded that the minimum fluidisation velocity rose along with the bed mass
for (glass) particles of the Geldart D class as well. Before Geldart (1972) introduced the classification with respect to fluidisation behaviour, Bakker and
Heertjes (1960) varied the bed mass in fluidisation experiments and saw that
the bed height increased linearly with its mass. Bed voidage was also measured indirectly and although its value in function of height varied for different
loadings, the voidage pattern along the bed height remained similar. These
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voidage distributions reflected the authors’ division of the fluid bed in two
layers: a dense and more dilute one. Recirculation in either of these zones
could enhance the variation in moisture content of the granules.
This wetness of the material on its own even influences fluidisation behaviour. Wormsbecker and Pugsley (2008) found that wet pharmaceutical granules could exhibit Geldart type C fluidisation patterns, i.e. cases where surface
forces between the particles are important, such as the wetness creating adhesion forces (Geldart, 1972). As the granules are dried, the strength of these
forces become smaller and the granules transition to a Geldart type B fluidisation (Wormsbecker and Pugsley, 2008). Naturally, also particle density is
influential, even affecting minimal fluidisation velocities (Escudero and Heindel, 2011). With the water content co-determining the granule density, the
entities entering at later time points during the continuous inflow in semicontinuous drying are prone to show different fluidity than the earliest present
granules.
Another consideration is segregation in the bed. When Närvänen et al. (2009)
measured particle size in- and at-line during fluid bed granulation trials, they
attributed the discrepancy between the results to the different locations (at
different heights in the fluid bed chamber) at which the sensors were positioned. This would mean that a certain segregation occurred during fluidisation,
of a nature that smaller particles float higher than larger ones. Segregation
in fluid beds is under study in literature and is in some cases attributed to
the design of the system. The ConsiGmaand also the Glatt CPGC1 systems
contain a conical or ’tapered’ fluid bed dryer, meaning that the walls of the
drying chamber are angled and the cross-sectional area becomes larger along
with the height. This is in contrast to the straight-walled cylindrical dryers. The tapered design might be beneficial for abating elutriation of smaller
particles (i.e. complete entrainment in the upward gas flow) while still maintaining the fluidisation of larger particles (Shi et al., 1984). Segregation tendency
could be larger than in cylindrical systems however (Toyohara and Kawamura,
1991). Homogeneity in floating behaviour is less in place, as tapered systems
can contain a well-fluidised core column and an unfluidised peripheral region
(near the walls) where material is deposited and slowly moves down (Gernon
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et al., 2008). In Gernon and Gilbertson (2012) this phenomenon was also observed, yet (for Geldart A and B particles) no segregation w.r.t. particle size
was found when fluidising a mixture of fine and coarse particles.
Finally, the PSD itself also contributes to the material’s fluidity. Experimental
work by Grace and Sun (1991) investigated the influence of PSD on fluidisation
and mass transfer in a fluid bed reactor and concluded that a wide PSD
overall creates better performance. It was hypothesised that the improved gassolid contact and interphase mass transfer arose from several phenomena: a
more expanded dense phase carrying more interstitial gas, smaller bed bubbles
(bypass), more particle presence in these bubbles and a lower air velocity
needed for transitioning the bed to a turbulent regime. The latter is thought
to be best for gas-solid contacting.
In conclusion, all the phenomena mentioned in this section render the semicontinuous system a complicated process. Residual granule moisture content
is affected by numerous mechanisms and is thus likely to be a distributed
property. This study therefore revolves around measuring a two-dimensional
moisture-size distribution of pharmaceutical granules dried in a semicontinuous fluid bed dryer.

6.2

Experimental setup

The ConsiGma-1 is a twin-screw set granulation system similar to the ConsiGma25 version described in Chapter 2, yet only contains a feeder, granulator and
dryer. This system is in fact designed for swifter testing on a smaller scale
during early OSD development work (Nicolaı̈, 2019). The dryer consists of
only one compartment, with a geometry resembling one of the cells in the
six-segmented dryer of the ConsiGma-25. It is still not proven that the air
distribution is perfectly even over these drying compartments or that heat,
energy and air humidity does not differ across cells. The ConsiGma-1 offers
the certainty that the air flow setpoint is reached, as the inlet air passes entirely
through its only dryer cell. This allows for more controlled testing of drying
behaviour in a constant environment, without risking any cell-to-cell variability in the ConsiGma-25 dryer. The greatest advantage is that the dryer walls
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are made of perspex through which the fluidisation of th granules can be seen.
The feeder of the ConsiGma-1 is of the loss-in-weight type (DDW-MD0-MT,
Brabender Technologie Gmbh & co. Kg, Duisburg, Germany), containing a
bridge breaker. The screw configuration in the granulator is as follows: two
kneading zones of six kneading elements on each screw, positioned in a stagger
angle of 60 ◦C, plus two size-control elements at the end of the barrel. The
powder formulation is the same as in Chapter 5: 5 % API, 5 % HPMC, 15 %
MCC and 75 % lactose monohydrate.
The novelty in this study is the usage of the NIR-CI technique for twodimensional moisture-size distribution of the granules after semicontinuous
drying. This measurement method is described in detail in Chapter 5. A first
set of experiments is carried out to assess the repeatability and accuracy of
the technique. A subsequent set of experiments is aimed at examining the
evolution of moisture content with drying time and evaluating the effect of
dryer cell loading (bed mass), filling rate and airflow. The process settings
for these experiments are given in Table 6.1. The liquid-to-solid ratio in the
granulator and the drying air temperature are maintained at the same value
over the experiments (respectively 16 % and 40 ◦C). The residual moisture
content of the granules after each experiment is measured with the NIR-CI
setup.
Processing of the NIR-CI images is performed in the same way as in Chapter 5.
Elastic Net regression (ENR) is chosen as calibration model to predict granule
moisture content from the measured spectra. The same model (composed on
random selections of spectra, see Section 5.5.3) as in Chapter 5 is applied
as this study concerns the same granule formulation. Outlier detection is
performed on the predicted individual moisture contents. For this, the interquartile range (IQR) is used: a data point is an outlier if it is found outside
the range of:
[Q1 − kIQR (Q3 − Q1 ) , Q3 + kIQR (Q3 − Q1 )]

(6.1)

with Q1 and Q3 respectively the lower and upper quartile and kIQR a nonnegative constant (value of 1.5).
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Table 6.1: Process settings and study purpose of drying experiments
on ConsiGma-1.

Unit
1
2
3
4
5
6
7
8
9
10
11

6.3

Mass
flowrate

Filling
time

Bed
mass

Air
flow

Drying
time

kg/h

s

kg

m3 /h

s

17
20
23
17
17
17
17
17
17
17
17

105
90
78
158
210
210
105
105
105
105
105

0.50
0.50
0.50
0.75
0.99
0.99
0.50
0.50
0.50
0.50
0.50

75
75
75
75
75
75
50
75
75
75
75

240
240
240
293
345
480
240
107
180
345
550

Purpose

Repeated

All
Filling rate
Filling rate
Bed mass
Bed mass
Bed mass
Air flow
Drying time
Drying time
Drying time
Drying time

x
x
x

Results and discussion

The output of the NIR-CI data collection is the (estimated) individual moisture content and size of a number of granules, such as represented for the dried
product of experiment 1 in Figure 6.1a. For the analysis of the experimental
outcomes, however, it is preferred to examine the moisture distributions along
size fraction, revealing the shape of the distributions through violin plots such
as in Figure 6.1b. The size fractions studied are the same as in Chapter 5,
having lower bounds of 300, 710, 1000, 1400, 1700, 2000 and 3150 µm. In the
remainder of this chapter, the results are examined in this format.

Experimental variability
To assess the experimental variability of the drying output in measuring the
moisture-size distributions, experiments 1, 2 and 4 from Table 6.1 are repeated.
The results thereof are shown in Figure 6.2 and tabulated in Table 6.2.
The size classes between 710 µm to 2000 µm show good repeatability. The
larger fractions contain relatively few granules and thus their values are more
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(a)

(b)
Figure 6.1: Presentation of results of experiment 1 in Table 6.1: a)
moisture content and size of individual granules in scatter plot and
b) moisture content distribution per size class in violin plot.
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(a)

(b)

(c)
Figure 6.2: Moisture-size distributions of repeated experiments from
Table 6.1: a) experiment 1, b) experiment 2 and c) experiment 4.

CHAPTER 6 MOISTURE-SIZE DISTRIBUTIONS AFTER SEMICONTINUOUS DRYING

129

sensitive to the sampling quality. Granules larger than 3150 µm show to have
the same moisture content as the fraction of 2000 µm to 3150 µm. For the
fraction >3150 µm the bad repeatability could be due to the nature of the
measurement: the NIR signal possibly does not go deep enough into the granule (penetration depths around 1 mm have been observed in literature, see
Section 5.2), or the size estimation of these granules is off. On the other hand,
it could be a natural response, the granules of the largest size fraction have
namely been observed to be elongated and/or flat in one dimension so that
these did dry as fast as ‘smaller’ granules that are more spherical. The amount
in observations in this size class is rather small, therefore this fraction is not
considered anymore when assessing the results of the other experiments.
Table 6.2: Experimental variability in moisture content distribution
per experiment (Table 6.1) and per size fraction (lower bounds, in
µm).
Exp.

Absolute difference in mean per size fraction (wt%)
300
710
1000
1400
1700
2000
3150

1
2
4

0.69
1.04
1.43

0.51
0.21
1.12

0.18
0.22
1.12

0.39
0.05
1.16

0.24
0.18
0.94

1.08
1.00
1.60

1.63
0.75
1.62

Absolute difference in IQR per size fraction (wt%)
300
710
1000
1400
1700
2000
3150
1
2
4

0.57
0.67
0.66

0.76
0.05
0.92

0.56
0.18
0.08

0.06
0.24
0.03

1.08
0.60
0.04

0.59
0.98
0.02

0.91
0.58
0.94

Also in Table 6.2 it can be seen that the larger discrepancies in mean moisture
content are also found in the two largest size fractions. The repetition of experiment 4 showed worse repeatability than 1 and 2. With respect to the IQR,
a measure for the width of the distribution, similar discrepancies are found,
reaching values around 1 wt%. It is concluded that the NIR-CI data shows a
decent measurement error concerning the moisture distributions per size class.
More refinement of the method w.r.t. size detection, sample preparation and
sample size is needed to reduce the experimental error, which in turn allows
to study the process behaviour in greater detail. For the largest size fractions,
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relatively few granules are measured compared to the smaller fractions, as visible in Figure 6.1a. Regarding sample preparation, granules are cooled down
as mentioned in Chapter 5, yet the storage time in the cooled region, as well
as its temperature, are not controlled. For the moment, the moisture content
distributions per size class are already useful for qualitative purposes (narrow
or wide distributions).

Filling rate
The filling rate of the dryer cell (i.e. the feeder mass flow rate) is varied
between 17 kg h−1 to 23 kg h−1 in experiments 1 to 3 from Table 6.1. The
same mass of granules is loaded in the cell, thus the filling time is changed
according to the flow rate. The total drying time is kept constant. The aim
is to study the effect of the change of drying regime during the filling period,
due to the increasing mass in the fluidised bed. In Figure 6.3 it is however
visible that the resulting moisture-size distributions after a drying time of
240 s have similar properties, or at least the differences are not discernible
with the current version of the measurement method. The mean moisture
contents per size class are within 1 wt% of each other, which is smaller than the
experimental variability found in Section 6.3. The standard deviations of the
individual moisture contents within size classes are also similar (Figure 6.3b).
Thus, with the current NIR-CI setup no effect of filling rate has been detected
because of the differences being lower than the experimental variability.

Bed mass
The following set of experiments is conducted for studying the influence of
the total mass of granules present in the dryer cell. These are experiments 1
and 4 to 6 from Table 6.1. Herein the inflow rate is not changed (17 kg h−1 )
and the filling time is set according to the desired mass of granules: bed
masses of 0.50, 0.75 and 1.00 kg require the respective filling times of 105,
158 and 210 s. Naturally, it takes longer to dry a larger mass of granules
because of the larger amount of moisture to be removed by drying within the
same volume and airflow. Yet the interplay between a higher loading and a
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(a)

(b)
Figure 6.3: Experimental results of drying at varying filling rate: a)
moisture-size distributions of experiments with varying filling rate
and b) moisture distribution standard deviation.
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(a) Constant total drying time.

(b) Constant drying time after filling.

(c) Double total drying time.
Figure 6.4: Moisture-size distributions of experiments at increasing
bed mass. Filling times of 105 s, 158 s and 210 s correspond to bed
masses of 500 g, 750 g and 1000 g.
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longer filling time, which is specific to the semicontinuous configuration, has
not been studied before. Figure 6.4 shows the results of these experiments
in different aspects. In the first (Figure 6.4a) a constant total drying time is
held for processing masses of 0.50 and 1.00 kg. The results show that when
doubling the amount of granules to be dried, holding the same drying time
does not reach the same residual moisture content as when drying a smaller
mass. This is in line with the experimental work of De Leersnyder et al.
(2018). Next, Figure 6.4b explores what moisture remains after increasing the
bed mass and keeping the additional drying time after filling constant. Again,
the granules have different moisture distributions, still being higher when the
bed mass is higher as well. The gradient with respect to bed mass along
the experiments confirms this. The conclusion is that the influence of the
bed mass on fluidisation behaviour is larger than any drying enhancement by
continuous filling. Finally, Figure 6.4c reveals that doubling the drying time
for a double amount of granules does attain the same moisture levels after
drying. The distributions are even consistently dryer and more narrow at the
drying of 1.00 kg, which could indicate that it is more efficient to have a higher
mass load. However, there is only one such experimental result available and
the differences are small (compared to the experimental variability), thus this
phenomenon could benefit from collecting more observations.

Evolution of moisture distribution over drying time
The remaining moisture of the dried product is measured at experiments with
different drying times, reconstructing the evolution of the moisture distribution throughout drying (Figure 6.5a). This corresponds to experiments 1 and
8 to 11 from Table 6.1. Naturally, moisture content decreases over drying
time. The NIR-CI data adds the dimension of how the variation in moisture
distribution changes over drying. In Figure 6.5b the standard deviations of
the distribution per size fraction reveals a narrowing of spread in moisture
content, albeit it with slight differences in light of the experimental variability
in Table 6.2. Also, the distribution for the granules of size 2000 µm to 3150 µm
after drying of 345 s is quite irregular, possibly due to a low sample size and
noise. At least, a great narrowing in the distribution can be perceived bet-
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ween the longest drying time and the shorter ones. This comes naturally when
considering the standard drying curve, which models that drying rate slows
down more and more as a certain material becomes drier. Thus the granules’
moisture level ends up closer and closer to each other while changing slower,
exhibiting narrower distributions. Finally, after a long drying time, most of
the material will be at, or approaching, the remaining moisture content in
equilibrium with the inlet drying air conditions.

(a)

(b)
Figure 6.5: Experimental results of drying at different drying times:
a) moisture-size distributions and b) moisture distribution standard
deviations.
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Air flow
All the aforementioned experiments have been performed at an inlet airflow of
75 m3 h−1 . At this setting, a bubbling fluid bed could be observed, which were
larger at the onset of filling and decreased in size as more mass was present
in the drying chamber. This observation was possible thanks to the perspex
walls of the dryer in the ConsiGma-1.
In another experiment (number 7 in Table 6.1) the airflow is set at only
50 m3 h−1 . The resulting moisture content distribution is very wide, with
asymmetries towards higher moisture contents. This means that the majority
of granules is still wet after drying and only a minority participates in the fluidised bed. This corresponds to the observations of the fluid bed chamber. The
fluidisation quality at 50 m3 h−1 is quite low. Parts of the bed are immobile
during drying, and possibly completely devoid of drying agent. Any agitation
of granules seems to only take place in the corners of the drying chamber.
These granules could, therefore, represent the drier part of the, seemingly bimodal, moisture distributions in Figure 6.6. The wetter and larger part could
represent the unfluidised part of the bed. Thus the NIR-CI data insightfully
represents the fluidisation phenomena, which could only be assessed through
measurement of the moisture distributions (especially in case of drying in the
ConsiGma-25, where only a small perspex window is present in the stainless steel wall of the dryer). This case of bad fluidisation should naturally be
avoided for any efficient drying.

Insights w.r.t. earlier data collection on ConsiGma™-25 and its modelling
The data collection of De Leersnyder et al. (2018) was the first of its kind in
examining the effect of granule size on its drying behaviour in a semicontinuous
system. The study proved that this is a factor that influences the drying
rate tremendously. The current chapter points a magnifying glass at how
the moisture content is actually spread over granules within the same size
class. The amount of remaining water in the granules did show considerable
variation, with standard deviations of about 1.5 % to 2 % after the shortest
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Figure 6.6:
75 m3 h−1 .

Moisture-size distributions after drying at 50 and

drying times (Figure 6.5). That variation sheds some light on the experimental
variability in measuring average moisture content after drying by LOD. For
this device, sample sizes range from 1 g to 2 g. Despite that the dried material
is softly stirred after production for homogenisation, this remains a small
sample size to represent dried masses of 300 g to 1000 g. The fact that the
moisture is widely distributed, as shown in this chapter, may very well have
contributed a fair amount to the experimental variability in De Leersnyder
et al. (2018).
The variability naturally contributed to the conceived drying model in Chapter 4. The LOD%-per-size-fraction data is qualitative enough to show the
influence of granule size on drying rate, but posed hazards on the quantification of this rate. The measured moisture content did not even decrease over
drying time in several samples, leaving the question of which of the measured values are the most reliable. The model in Chapter 4 was fit to these
average LOD data, even though the output of the model is in fact a moisture
distribution. With the data in this chapter, the model output could thus be
compared one-to-one to experiments. It is however expected that the model
would not be able to capture the moisture distributions well due to its lack
of fluidisation description. This is beneficial in mechanistic model-building,
the confirmation that a model lacks certain mechanisms to predict the out-
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come is more productive than to start applying a mechanistic model that was
validated on highly variable data.

6.4

Conclusions

The remaining moisture content after semicontinuous drying follows a distribution, one that changes over drying time. At the inception of the additional
drying time (after completion of filling) the spread in moisture content within
a size fraction is around 5 wt%, reducing to approximately 2 wt% when the
equilibrium in moisture content is approached. The bed mass strongly affects
the drying rate. Higher bed loading is only compensated by increasing the
drying time proportionally. Any effect of filling rate could not be observed
with the current experiments and setup, due to the differences being in the
range of the experimental variability. From the latter, it is concluded that
the conditions in which the measurement occurs could be more standardised.
Despite that, the found moisture distributions showed clear patterns over the
course of drying and were on par with the fluidisation phenomena related to
the inlet airflow, as a bad fluidisation could be detected in the NIR-CI data.

CHAPTER 7
Population balance modelling of
breakage in the ConsiGma™-25
dryer system

Abstract
Despite that the fluid bed dryer’s only role in the wet granulation line is to reduce the moisture content of granules, breakage can occur in the system, possibly generating granules with a less processable PSD downstream the process.
Experimental campaigns on the ConsiGma-25 have garnered data on this
size reduction. The evidence points to the transfer lines between granulator
and dryer and between dryer and mill as the main culprits and the remaining
moisture content after drying as the greatest influence. This study aims to
describe and predict this breakage through a population balance model. Two
different breakage mechanisms are tested against the available high-resolution
particle size distribution data by calibration to part of a dataset, linking the
parameter values to remaining moisture content and evaluating the linked model’s predictions to the PSD outcomes of all experiments. Special attention is
paid to the objective function of the calibration. PSDs are essentially a form
of compositional data and require techniques from this field for the calculation
of variance in distributions. The centred log-ratio transformation is therefore
used to calculate the experimental variability in the PSD data, which is in
turn used to weight the calibration. This approach returns an improvement in
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the resulting models, most notably in the prediction of experimental number
fraction PSDs. The best models were found to be able to generate the shape
of the experimental distributions quite well, with some error occurring during
validation due to the experimental variability in moisture data, to which the
breakage parameter values are ultimately related.

7.1

Breakage in pharmaceutical granulation

According to Iveson et al. (2001), granule breakage should be categorised into
two different phenomena: breakage happens to wet granules during the granulation stage itself and attrition or fracture occurs in dried granules. The latter
phenomena are thus investigated in this study, yet the term breakage is still
used in this work to denote size reduction of granules in general. The effect
of the change in particle size and whether it is desirable or not are still being
examined in literature, this is written in Section 7.1.1. Section 7.1.2 then touches on the mechanics of this breakage, for which multiple levels of modelling
are present in literature. The actual experimental data on size change in the
ConsiGma-25 dryer system, which is the basis for this study, is presented in
Section 7.1.3.
7.1.1

Effects on tablets and processability

In literature, no conclusiveness has been reached w.r.t. the influence of granule size on tablet strength. Some studies have found that smaller granules
lead to stronger tablets in the case of lactose (Zuurman et al., 1994; Riepma
et al., 1993), yet others have found slightly opposite trends for microcrystalline
cellulose (Johansson et al., 1998). In a study with three formulations, Marks
and Sciarra (1968) saw variation in tablet hardness when made with granules
of different size, yet no relationship could be derived. Next, the effort of tablet
production can be assessed. The two measures for this, compressibility and
compactibility, are respectively defined as ‘the ability of a powder to decrease in volume under pressure’ and ‘the ability of the powdered material to be
compressed into a tablet of specified strength’ (Leuenberger, 1982). Fell and
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Newton (1971) already found that the granule PSD influenced the tabletting
stage, due to the rearrangement of the granules during compression being related to their size. Santl et al. (2012) found that compactibility was better
in case of a mixture of granule sizes compared to narrow size fractions separately, especially a mixture with larger granules. The study did not observe
any relation between size and compressibility. In the case of dry granulation,
Sun and Himmelspach (2006) found a ‘loss of tabletability’, i.e. the ability
to reach a specified tablet strength with certain compaction pressures, with
increasing granules size. The arrangement of particles into a solid tablet also
depends on their fragmentation propensity. When the granules fracture more
easily, for instance at larger particle sizes (Patel et al., 2007; McKenna and
McCafferty, 1982), their original size probably does not affect compressibility
(Sun and Grant, 2001).
Flowability is a critical quality attribute (CQA) that indicates on the processability of the material and can be affected by granule size. Marks and Sciarra
(1968) tested the flow rate of granules through an orifice and observed a clear
increase with decreasing granule size in the range of 250 µm to 2360 µm. Then
again, Schiano et al. (2017) found dry-granulated mixtures to exhibit an increase in flow quality with increasing granule size, yet, in this work, the measure
was the orifice size through which material could still flow. On the other hand,
in the small size range of the granular diameters, Kudo et al. (2019) observed
that the d10 of the PSD was most indicative of the angle of repose and that
fewer granules below of size 100 µm led to better flowability, while Takeuchi
et al. (2018) found a decreasing flowability with increase in size, but noted
that granule shape was an important interference.
Related to flowability, the PSD of the granules can also influence the fouling
of different parts of the equipment. Wet granulation is, in itself, applied to
reduce dust in the tabletting process (Iveson et al., 2001), thus any finesgenerating attrition is an undesired phenomenon. Although there are to the
author’s knowledge no studies in literature detailing the effect of particle size
on fouling of pharmaceutical tabletting equipment, the industry has expressed
concern for the coverage of the filters of fluid bed drying air outlet with the
finest particles, leading to higher airflow resistance and, possibly, clogging. It
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has also been established that the granule size distribution affects fluidisation
behaviour. Geldart (1972) published a landmark study on the categorisation
of particle sizes according to the type of fluidity that they exhibit. Grace and
Sun (1991) has shown later that simply the mean particle size is not fully
representative for the fluidisation behaviour, the entire PSD counts. Lipsanen
et al. (2008) demonstrated the size-dependency in the case of fluid bed granulation, as the in-line measured particle size showed a correlation with the
pressure differences over the bed and the filters.
To summarise, literature and common knowledge on process behaviour indicates that the PSD of the material entering and leaving the fluid bed dryer
affects the process, even the proportions in the smaller size range of the granules. This makes it interesting to understand the granule breakage occurring
downstream of the granulator, as well as the mechanisms governing it, by
means of modelling.
7.1.2

Knowledge on breakage of granules

Pharmaceutical granules tend to have some variety in shape, from slight deviations of sphericity to elongated particles or irregular surfaces (Dhenge et al.,
2010; Verstraeten et al., 2017). In the case of fracture or fragmentation, cracks
appear in the granule and cause it to break in several large parts. Attrition or
erosion, on the other hand, is the phenomenon where small fragments break
off from the surface of the granule, leaving the remainder of the granule intact
(Iveson et al., 2001).
In-depth physical descriptions are available of the numerous types of forces
that hold the granule together as the agglomerate of a large number of fine
powder particles (Cheong et al., 2007). Adhesion between surfaces and liquid
and solid bridges contribute to the granule as a whole and mainly govern
its strength. When a granule breaks, these inter-particle bonds are severed,
depending on the propagation of the stress on the surface of the granule.
Rumpf and H. (1962) postulated that external tensile forces were distributed
equally over the bonds in the failure plane that carries the stress. The theory
of Kendall et al. (1986) countered this by formulating that the granule tensile
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strength resembles the summation of the energy necessary to break each interparticle bond. Experimental studies (Adams et al., 1989; Abdel-Ghani et al.,
1991) rather confirmed the latter, even in the case of dry granules (Antonyuk
et al., 2005).
The above studies investigate the breakage mechanics on a single granule scale.
This study has the aim of coining it on a population scale. Hence, for the
investigation of the breakage behaviour in this system a population balance
model (PBM) is used, which is introduced in Section 7.2. The findings on this
scale might be used to link to granule-scale effects of moisture content, but
this is out of scope of this work.
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Breakage in the ConsiGma™-25 system

(a)

(b)
Figure 7.1: ConsiGma-25 wet granulation line configurations: a)
horizontal and b) vertical.
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The occurrence of breakage in the ConsiGma-25 system has been shown in
literature: De Leersnyder et al. (2018) conducted a 3-level DoE on the fluid
bed dryer concerning inlet air temperature, airflow and dryer cell filling time,
in which, among others, the moisture content and PSD of the key product was
evaluated. Particle size was also assessed through three fractions indicating
the processability of the granules: fines, yield and oversized (respectively <
150 µm, 150 µm to 1000 µm and > 1000 µm). Notably, processing through the
two different ConsiGma-25 configurations was investigated: the horizontal
and vertical setup (Figures 7.1a and 7.1b). Before this study, it was known
that granule size was reduced after passage through the dryer system, but
it was unclear where exactly most of the breakage took place. It was even
assumed that granules broke up significantly during drying in the fluidisation
chamber.
The results in De Leersnyder et al. (2018) showed differently. First of all,
drying on the horizontal setup resulted in similar PSDs for the granules,
despite different drying times. This meant that the fluid bed drying itself
did not contribute significantly to the overall size reduction. The transport
between the unit operations on the other hand, through the wet and dry transfer line, could have caused breakage. Transport of granules to and from the
dryer namely occurs pneumatically through bent tubes: the material is being
sucked into the downstream unit operation. The transfer lines correspond
to the tubes for transport from granulator to dryer (wet) and from dryer to
evaluation module (dry). That breakage occurred mostly in these lines was
confirmed for the wet transfer line by comparison of experiments on the horizontal and vertical setup. The magnitude of size reduction was namely much
larger for the horizontal line, indicating that the wet transfer line took up a
large part in its breakage. On the vertical setup, without this line, or tube,
less breakage occurred. Interestingly, on this setup, the fines-yield-oversized
fractions did show a pattern concerning drying time, yet it was contrary to
what was expected: the amount of breakage decreased with increasing drying
time. This could be, however, due to drier granules being more rigid than wet
ones. Evaporation from the granules namely solidifies the liquid bridges that
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held the powder particles together, creating crystal structures (Cheong et al.,
2007).
The extent of breakage on the vertical line is, therefore, more related to the
drying time than on the horizontal setup, where the wet transfer line already
accounts for the greatest reduction in size. So far, there is no experimental
knowledge on the PSD of the granules after the wet transfer, i.e. the actual
PSD of the granules upon entering in the dryer cell. The models in this study
can thus only relate the size of the freshly produced wet granules, at the end
of the TSWG barrel, to the PSDs measured at the collection point of the dried
granules, which is after the hopper of the evaluation module. This results in
different PBMs for the two configurations.
Three datasets were under study in this work: the aforementioned experiments
on the horizontal and vertical setup with the formulation given in Chapter 4,
as well experiments on the horizontal line with a formulation containing paracetamol. The two formulations will be referred to as Formulation 1 and 2
throughout this study.
It must finally be mentioned that, based on the available data, only the overall
breakage between granulator and evaluation module could be modelled. Data
on the PSD of the material at intermediate points, such as at the outlet of
the wet transfer line or in the dryer cell itself, was not available. It would be
useful to collect this data in the future to determine the contribution of each
connection to the overall breakage, the latter which is being modelled in the
current chapter.

High resolution data
The measurement device for garnering PSD data is a QICPIC (Sympatec
GmbH, Clausthal-Zellerfeld, Germany). The granule samples placed therein
are subjected to a dynamic image analysis as they are dispersed in front of
a camera. Based on 2D images, the size of the granules is represented by
their circle of equal projection area (EQPC). As high numbers of particles
are registered during the measurement of a sample, 35 size classes can be distinguished without too much noise obfuscating PSD patterns. An example of
these data is given in Table A.1. This detailed data allows for higher resolution
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population balance modelling. This is definitely preferred over working with
certain information-aggregating numbers such as the distribution moments or
the percentiles (d10 , d50 and d90 ), which are not even sufficient to represent a
unique PSD (Scheibelhofer et al., 2016).

7.2

The investigation tool: population balance modelling

Modelling the change in PSD of a certain material is a job suited for a population balance model (PBM). The concept of the PBM framework is to
model the distribution of a population of entities over certain properties. In
this case, the entities are the pharmaceutical granules and the (only) property
considered is granule size. The PBM achieves this by tracking the number
of entities in each class of the discretised property. The property of granule
size is thus discretised into different size classes or size bins, as is already the
case for the experimental PSD. The PBM then models the number of particles
in each size bin over time. Note that the absolute numbers are tracked and
not the number fraction, this is essential to describing the mechanisms in the
PBM. The number fraction can, of course, be derived from the absolute number distribution at all times. In the next Section 7.2.1 the mathematics and
numerics of PBM are touched on. Section 7.2.2 captures the PBM breakage
modelling in literature that is relevant for this study and Section 7.2.3 shows
the strategy for finding the breakage model that applies best to the granule
breakage in this work.
7.2.1

Mathematical description

The basic operations in any PBM are described in the general population
balance equation (Ramkrishna, 2000).
∂
n(x, r, t) + ∇Ẋ(x, r, Y , t)n(x, r, t) + ∇Ṙ(x, r, Y, t)n(x, r, t) = h(x, r, Y , t)
∂t
(7.1)
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In this Eq. 7.1 n represents the number density, which is the number of entities
(such as particles) with a certain property value x at time t. x, in its discrete
form, is thus a size bin in this study. x is more commonly referred to as
the internal coordinate: it quantifies a property that is inherent to the entity.
External coordinates r can also be tracked, for instance, its location in the
modelled system (spatial coordinate). Ẋ and Ṙ are the partial derivatives of
these internal and external coordinates and Y is the continuous phase vector.
These terms do not need to be considered in this study: no external properties
are investigated and a continuous change of the internal property (such as
a growth term) does not occur as well. Discrete events such as breakage,
however, do influence the change in n. The net effect or the net birth rate due
to discrete processes is what is captured in h. This gives us that the change in
the number density n, distributed over granule size Vx and modelled over time
t, is described by the discrete changes h. The latter can now be formulated in
terms of breakage behaviour and is given in Eq. 7.2.
∂n(t, Vx )
=
∂t

∞

Z

b(Vx , ε)S(ε)n(t, ε)dε − S(Vx )n(t, Vx )

(7.2)

0

h(x, r, Y, t) = Bbreak (Vx , t) − Dbreak (Vx , t)
Z ∞
=
b(Vx , ε)S(ε)n(ε, t)dε − S(Vx )n(Vx , t)

(7.3)

0

Two mechanistic descriptions are needed in breakage PBM: the rate at which
particles break and what kind of fragments are formed upon breakage. For the
former, S(Vx ) denotes the breakage frequency, or breakage rate, of a particle of
volume Vx . Paired with fragment distribution function b(Vx , ε) (also referred
to as daughter size distribution) the mechanisms of breakage are modelled in
this framework. b(Vx , ε) returns the number density function of a fragment
of volume ε to be formed upon breakage of a particle (also referred to as
mother) of volume Vx . The function needs to fulfil to the conditions of number
and volume conservancy in Eq. 7.4 and 7.5. The first simply says that when
integrating b(Vx , ε) from zero to the volume of the mother (i.e. the breaking)
particle, the prepositioned amount of fragments nε must be reached. Similarly,
when integrating the volumes of all the daughter particles ε (i.e. fragments)
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times their occurrence is given by b(Vx , ε), the original mother volume Vx is
obtained in case of volume conservancy.
x

Z

b(Vx , ε)dε = nε

(7.4)

εb(Vx , ε)dε = Vx

(7.5)

0

Z

x

0

The combination of the breakage frequency and fragment function can be
referred to as the breakage kernel. In Section 7.2.2, the kernels tested in this
study are discussed.

Execution of the PBM
The solution of Eq. 7.2 can not be performed analytically, therefore calculation
of the evolution of the number PSD n(t, Vx ) is executed numerically by means
of the cell average technique (CAT). This technique has a high accuracy paired
with good computational efficiency and conserves the first two moments of the
distribution sufficiently well (Kumar et al., 2006). The differential equations
are solved using the odeint solver available in SciPy (Jones et al., 2001).
This solver is a wrapper of the LSODA package in Fortran, which uses Adams
non-stiff and backward-differantiation stiff algorithms alternatingly, based on
stiffness detection.
7.2.2

Breakage models

Regarding the breakage frequency, a power-law relation with granule volume
Vx is one of the most commonly applied hypotheses in PBM literature. This
relation is described as follows:
S(Vx ) = S 0 Vx η ,

(7.6)

requiring a base breakage rate S 0 and a power law coefficient η. The latter
can be chosen so that the frequency bears a direct relationship to another
property. In this study, the following values of η are evaluated: 31 (relation to
particle size/diameter), 12 , 23 (particle area) and 1 (particle volume).
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Uniform breakage
The most basic fragment distribution that can be applied is one with a uniform amount of fragments formed upon breakage of Vx according to a binary
behaviour. In binary breakage, the number of daughter particles nε is 2. The
equation for this case is as follows:
buni (Vx , ε) =

2
.
Vx

(7.7)

Next to the conservancy conditions in Eq. 7.4 and 7.5, the binary kernel must
also apply to symmetry:
b(Vx , ε) = b(Vx , Vx − ε).

(7.8)

This fragment distribution function does not require any parameters and calibration on its own. In combination with the power-law frequency, it can be
seen as the simplest kernel in this study.

Log-normal distribution
Several distribution models for the size of fragments of breaking particles
have been used in literature, yet for pharmaceutical granules the log-normal
distribution is used fairly frequently (Barrasso et al., 2013; Reynolds, 2010;
Hounslow et al., 2001). The implementation of the log-normal function is
based on the coding of its probability density in SciPy (Jones et al., 2001) :
log2 (ε)
1
√ exp −
blgn (Vx , ε) =
2
2σlgn
σlgn Vx 2π

!
/ exp (µlgn ) .

(7.9)

Eq. 7.9 requires σlgn and µlgn , which are respectively the standard deviation
and the mean of the common parameterisation for this function.
7.2.3

Finding the best model

Calibration strategy
Dependent on the kernel, a certain number of parameters needs to be estimated in the calibration of the PBM. The breakage kernel parameters tune
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the fragmentation pattern. The breakage rate function models the breakage
probability in function of particle size. One parameter is however present in
every calibration case: the base breakage rate parameter S 0 purely describes
how intense the aforementioned phenomena take place. In other words, it indicates the magnitude of breakage that occurred, at the breakage mechanisms
described by the kernel.
The more parameters in the model, the more complex the calibration exercise becomes. Any extra parameter to estimate adds an extra dimension for
which an optimal parameter value needs to be found. For this reason, different calibration strategies are chosen for different parameters, to reduce the
complexity. The calibration flow is also shown in Figure 7.2. As the base
breakage rate S 0 solely depicts the magnitude of breakage, its influence could
be decoupled from the rest of the parameters, which describe the breakage
mechanisms. Thus, with each selection of parameter values to be evaluated,
the PBM is run at different values of S 0 until the simulated PSD approaches
the experimental PSD. In other words, the breakage rate S 0 is calibrated at
each set of values evaluated during the calibration of the other parameters.
This is shown in Figure 7.2 on estimation of the breakage rate. As such, the
search for the breakage mechanism occurs without having to account for the
magnitude of breakage in the same optimisation. In the calibration of S 0 then,
a simple objective is used: when the simulated d50 matches the experimental
one, the optimal value for S 0 is found. This allows using a local optimiser
for S 0 bounds of [0, 1 × 104 ], which performs fast. The local optimiser, using
Brent’s method, was available in the Python library SciPy (Jones et al., 2001).
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Figure 7.2: The population balance model calibration flow.

The breakage frequency power-law value, η in Eq. 7.6, was also not included
in the calibration of the fragment distribution parameters. As mentioned in
Section 7.2.2, the value of the parameter is evaluated at four discrete levels.
For the remainder, this boils down to a calibration of the fragment distribution
parameters at each value for η. A global optimisation is conducted in each
of those cases, to find the values for the parameters of the chosen b(Vx , ε).
The tested functions b are thus uniform breakage, log-normal fragmentation
and their combination. The algorithm for the optimisation is called Particle
Swarm Optimisation (PSO). This algorithm has its roots in a social model, as
it emulates a swarm of entities (Kennedy and Eberhart, 1995). Each entity, or
particle, namely searches on a path in the parameter space for the best model
fit. This is brought schematically in Figure 7.2 : the objective function Θ is
emulated in the parameter space of parameters θi and θj . Each red dot is an
entity of the swarm that calculates the value of Θ in function of the local values
of θi and θj . The search direction of the entity, as well as its velocity (step size
in the parameter space), is governed by both these own findings (the fits of
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the parameter values tested by the current particle) as well as the position of
the best entity in the swarm. There is thus a trade-off between how consistent
the particle follows its own path locally and how much it is attracted to the
swarm particle with the best results. In this study, this balance is chosen to
be 50/50. The number of particles starting the search at positions across the
parameter space is in this work 32.

Objective function: comparing distributions
Defining the objective function of a PBM calibration can be seen as pinning
down which information in the PSD data is a) most indicative for the modelling
goal and b) most reliable. That this is not a straightforward task in this field
has been mentioned in literature (Man et al., 2010). Defining a) is already a
hefty task, not only because the exact breakage mechanism is not known yet,
but also because of the abundance of information in the particle size data.
A common approach is to use representative diameters or moments of the
distribution, as these capture some information of the data in fewer numbers
than an entire distribution. Some information is always lost in this approach.
A set of percentiles (d10 , d50 and d90 ) for instance, does not represent a unique
experimental PSD, as a certain unimodal and another bimodal PSD could have
the same percentiles. Moreover, this study aims for a detailed investigation
of breakage behaviour and has detailed data available, it would thus be a
waste of information to commence the calibration with a simple objective.
Still, even the format of the PSD needs to be considered, as any conventional
representation of the PSD skews the contribution of the different size classes
within. One example is the large effect on the values in a volume fraction PSD
caused by a small number of the largest particles in the distribution, whereas
the same particles do not seem of importance when the same distribution is
presented in number fractions.
For finding the answer to b) one could make use of the experimental variability,
such that for every size bin in the PSD a confidence interval is calculated, an
interval around the value in each size bin in which the true value is found with
a certain confidence. To construct these intervals for PSD data is, however,
not convenient. This arises from the fact that these distributions are given
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in fractional (or relative) form, e.g. the volume fraction distribution. The
absolute values of these data have to be treated with caution because the
percentage of number or volume within a size bin is namely always influenced
by the percentages found in all the other size bins. Finding the variance of
the percentage in one size bin separately from the others needs to bypass this
aspect.
For the processing of these data, it helps to consider that PSDs are a form
of compositional data. The latter term is namely used for data of which
the raw values denote fractions, i.e. relative quantities. This type of data
is subjected to a few constraints. The sum of the values in one observation
(such as one PSD) must be 1, or 100 %. It follows that also the values that
make up the observation are individually constrained to the range of 0 to 1
(0 % to 100 %). PSDs exactly fit within the definition of compositional data
(Roberson and Weltje, 2014). The aforementioned constraints, however, mean
that these data are not suited for analysis by traditional statistical procedures
(Verwaeren, 2014). Luckily, the field of compositional data analysis deals
exactly with these issues and offers ways to bypass them (Aitchison, 1982).
Compositional data techniques are already successfully used in numerous other
fields (Aitchison, 1999), whereas in the field of PBM any application of these
techniques is unknown to the author.
Two compositional data techniques help in transforming the PSDs to a format
that allows a correct calculation of the experimental variability. The first step
is relieving the constraint that all values need to be situated between 0 , to
1 , which can be carried out by representing the fractions as their (natural)
logarithm. This way, the values are elements of R. For a PSD p with D
particle size categories, the transformed distribution p∗ then reads:
p∗ = [log (pi ) . . . log (pD )] ,

(7.10)

with i the i-th size bin in p.
The second step is to abate the interdependency of the values in the size bins
so that values for individual size bins do not depend on the values in other
bins. This can be achieved by taking the ratio of the value in each bin over the
geometric mean of the entire PSD (g(p)). This is referred to as the centred
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log-ratio (CLR) transformation (Aitchison, 2003):



 
pD
pi
. . . log
q = clr(p) = log
g(p)
g(p)

(7.11)

with q the log-ratio transform of p.
The CLR method is widely used for log-ratio transformations, yet another one
exists that reduces any collinearity in the result of the CLR transformation.
The isometric log-ratio (ILR) first finds an orthonormal basis in the clr-domain
so that transformed data r follow (Egozcue et al., 2003):
qQ
i
i

j=1 pj
i
log
for i = 1, . . . , D − 1
(7.12)
i+1
pi+1
As one might guess, a point of attention in these transformations is the treatment of zeros, of which one cannot take the logarithm. In PSDs these can
occur when no particles were counted in a certain size bin. Several strategies exist for replacing these zero-values with very small values that do not
affect the overall PSD, of which the multiplicative replacement strategy is chosen in this study. It imputes a certain value δi on the zero-values while still
complying with the constant-sum constraint (Martı́n-Fernández et al., 2003),
which is thus 1 or 100 % in this case. This results in a PSD without zeros p0 ,
for which the individual values pi of each size bin i are thus replaced according
to Eq. 7.13.

r

ri =

(
p0i =

δi ,

1−

if pi = 0
Σk|kk =0 δk
c



pi ,

if pi > 0

(7.13)

For performing the CLR-transformation (Eq. 7.11) and the multiplicative replacement (Eq. 7.13) their respective functions available in the scikit-bio
Python package are used (v0.5.1, scikit-bio.org/).
The CLR-transformed data allow for the usage of statistical procedures, leading to the confidence intervals (Neyman, 1937). As no distribution of the
experimental data is assumed, the t-distribution is used to calculate the region
for which it is α% certain that the true value lies within it:
CI = q ± t1− 1−α ,n−1 Sn ,
2

(7.14)
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with CI the confidence interval, q the mean CLR-transformed value for each
size bin, n the amount of observations (i.e. the amount of PSDs for which the
CI is calculated) and Sn an unbiased estimate of the standard deviation of
the values in each bin.
The objective for PBM calibration is thus that the CLR transformation of the
model prediction lies within the calculated confidence levels. To incorporate
this into the objective function Θ, it is formulated that the distance to between the model prediction and experimental data is weighted with the inverse
of the width of the confidence intervals. The weights w are thus given in
Eq. 7.16. The resulting objective function Θq (θ), based on parameter values
θ and their resulting predicted CLR-transformed PSD q̂, is shown in Eq. 7.17.
With this objective function the size bins with the most reliable information,
i.e. the smallest CIs, are emphasized in the calibration. Finally, it must be
mentioned that for PSD p the volume fraction format is chosen. This is the
most commonly chosen distribution format to predict in population balance
modelling of size change of pharmaceutical granules.
n(Vx )Vx
p = P∞
0 n(Vx )Vx

(7.15)



w = 1/ t1− 1−α ,n−1 Sn

(7.16)

2

Θq (θ) =

Xq

(q − q̂(θ))2 w

(7.17)

The optimisations are also carried out with an objective function based on
the comparing the original volume fraction PSD , p. This objective, Θp , is
however not weighted:
Θp (θ) =

Xq

(p − p̂(θ))2 .

(7.18)
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7.3

Results and discussion

7.3.1

Data analysis

Before commencing a modelling study, it is worthwhile to analyse the data
concerning significant differences/experimental variability between measurement results and to extract any possible patterns in the data. Therefore, it
is first assessed if a statistical test could offer logic conclusions on whether
samples measured with QICPIC harbour significant differences or not. Next,
the experimental variability is determined with the help of the mathematical transformations in Section 7.2.3. Finally, the same techniques are used in
combination with PCA for scouring the PSD data for any trends.

Statistical testing
Scheibelhofer et al. (2016) developed a test to compare PSDs with inclusion
of the number of observations (i.e. the number of particles measured) into the
outcome. It is based on the non-parametric χ2 -homogeneity test to determine
whether multiple samples consisting of multiple class have their origin in the
same population. More specifically, the null hypothesis H0 is that all samples
are drawn from populations that have the same proportionality of observations
between size bins.
The test requires calculation of the distance of a certain sample s to the average
population:
1 X (nsk − E(nsk ))2
δs2 =
,
(7.19)
Ns
E(nsk )
k

with k being the index of the size bin, nsk the number of particles of sample
s in the k-th size bin, Ns the number of particles in sample s, N the total
amount of particles in all samples tested and E(nsk ) the expected value of nsk
is size bin k for sample s. The latter is computed as follows:
E(nsk ) =

nk Ns
.
N

(7.20)

P
nk here equals S nsk These properties lead to the value of the test statistic
χ2 in Eq. 7.21, which can then be compared to the critical χ2crit for acceptance

158

7.3 RESULTS AND DISCUSSION

of the null hypothesis (Eq. 7.22). Calculation of χ2crit requires the respective
numbers of samples and size bins, S and K, the cumulative χ2 distribution F
with (S − 1)(K − 1) degrees of freedom and the confidence level α.
χ2 =

X X (nsk − E(nsk ))2
s

χ2crit

Z
0

k

E(nsk )

=

X

Ns δs2 =

s

X

nk ξk2


χ2(S−1)(K−1) (x)dx = F(S−1)(K−1) χ2crit = 1 − α

F(S−1)(K−1) χ

2



Z
=
0

(7.21)

k

(7.22)

χ2

χ2(S−1)(K−1) (v)dv

(7.23)

It is assessed whether the test could be used for the detailed QICPIC data,
deciding whether a measured sample PSD belongs to the overall population of
the granules produced in one experiment. For experiment C in Table 4.1, three
samples of granules were measured after a drying time of 300 s. The number
fraction distributions thereof, visible in Figure 7.3, are quite similar to each
other. They even bear the similarity of having a relatively large fraction of
particles in the smallest size bin. It is assumed this is the result of lumping
all particles smaller than 11.28 µm into this class.

Sample 1
Sample 2
Sample 3

Number fraction (%)

30
25
20
15

Critical 2 value: 88
Test 2 value: 5787337

10
5
0
10

1

10

2

Granule size ( m)

10

3

10

4

Figure 7.3: PSD data, in number fraction, of three samples taken
from the same dried product of one experiment (Exp. C in Table 4.1
with a drying time of 300 s). χ2 -values of the test according to
Scheibelhofer et al. (2016) are given.
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The number of particles caught on the QICPIC camera is generally very large.
These samples contain in the order of 1E7 granules, see Table A.1. This
number makes the test score χ2 increase (Eq. 7.21) whereas, as also noted in
Scheibelhofer et al. (2016), the limit χ2crit is not affected. This results in a firm
rejection of H0 for the three samples that are drawn from the same population
(Figure 7.3). The confidence level α was 0.05. The test interpretation would
be that the difference between samples is too large to be explained by random
sampling. It seems thus that the test is not ideally suitable for this QICPIC
dataset on telling whether samples represent the same PSD due to a large
number of observations. Any very small difference between nsk and E(nsk )
will be aggravated severely by the large N and generate proportionally large
χ2 test values.

Experimental variability
For a modelling exercise, it is always of interest to assess the experimental
variability that is present in the data to which a model is being fitted. Reducing the error in a fit to a certain measurement to be smaller than the
experimental error is meaningless. This error thus helps to set the bar for
the objective function to minimise. In the case of PSD data, in particular,
it bears extra interest to evaluate at which size bins the distribution shows
the most variability. This way, these could be weighted as less important in
fitting to, instead of being equally important as other parts of the distribution
of which the values are more reliable. Equation 7.16 translates this into the
mathematics of the objective function of this study. This is very applicable
to PSDs where, depending on the number or volume representation, the tails
of the distribution show more noisiness. As also discussed in Section 7.2.3,
it is necessary to CLR-transform PSDs in order to calculate the variance in
the measurement. This has been done in Figure 7.4 with the PSDs of the
repeated experiments of De Leersnyder et al. (2018): for experiment E and J
(see Table 4.1) the dryer process settings were the same, as well as the chosen drying times. However, no relation between particle size and drying time
could be observed (De Leersnyder et al., 2018). All the PSDs are thus used
simultaneously in determining the experimental error and serve as vector q in
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Equation 7.14. This is shown in the right hand side of Figure 7.4 along with
the standard deviation σ derived from it (this serves as Sn in Eq. 7.14).
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Figure 7.4: PSD of granules after fluid bed drying of repeated experiments horizontal ConsiGma-25 (experiments E and J in Table 4.1). On the left, in volume fraction format. On the right, in
CLR-transformed volume fraction format.

Something to note here is the multiplicative replacement value δi that is used
to abate the zeros in the volume fraction p. It is clear in Figure 7.5 that the
choice of this has an effect on the computation of the experimental variability,
mostly of the largest size bin containing material in the PSD data. This is
natural, the difference in δi seems small in Figure 7.5 yet becomes enlarged on
a logarithmic scale. This in turn leads to large CIs in the log-ratio transformations. However, the proportionality of the experimental variability between
bins is largely unaffected by changing δi , meaning its value does not influence
the calculation of the other size bins in the PSD. For the remainder of the
study, the value of 1 × 10−7 is chosen for δi .

Log-ratio domain (-)
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Figure 7.5: Experimental variability in CLR-transformed PSD in
function of multiplicative replacement value.

Principal Component Analysis
Where statistical tests could tell whether data from one experiment truly differ from those of another, PCA has the power to detect the differences in
the dataset and present them along orthogonal, uncorrelated variables, the
principal components. In the case of PSD, one has to apply caution, as these
compositional data structures do not lend themselves to multivariate techniques such as calculation of the covariance between the variables (such as the
volume fraction values in the different size bins). The results of conducting
PCA on the pure volume fraction data are still shown in this section, but the
application in itself is technically wrong. This is where the log-ratio transformations, CLR and ILR, come into the picture. These transformations do
render the data feasible for multivariate analysis, as discussed in Section 7.2.3.
The PCA results on all three data representations are calculated for the three
available datasets.
In Figure 7.6 PCA was performed on the PSD data of running formulation
1 on the horizontal line. The representation has been coloured in function of
the corresponding remaining moisture content (LOD%) that was measured
after drying. Overall though, the data shows not a lot of separation, let alone
clustering, with respect to this moisture content. Neither transformation of
the original data aids in this. Despite that the transformations are necessary
for PCA, their loadings are less interpretable than those of the PCA on the
original volume fraction PSDs. Then again, when comparing the loadings
obtained after transformation, these do resemble each other and the loadings
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of the PCA on volume fractions. In general, the results are indicating that
different experimental distributions are overlapping and cannot be separated
based on remaining moisture content. In other words, the breakage that all
granules went through in the wet transfer line, obfuscate any further breakage
upon exit of the dryer, of which the extent was probably smaller. It is therefore
also opted to not conduct any breakage modelling on this dataset. It is an
amalgam of breakage in wet and dry transfer line where one mechanism cannot
be separated from the other, without intermediate data to rely on for the
modelling exercise.
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Figure 7.6: PCA results on formulation 1 experimental PSD data
after drying on the horizontal ConsiGma-25. Each plot shows results for a specific data format: original volume fractions (left), CLRtransformed volume fractions (middle) and ILR-transformed volume
fractions (right).
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Staying on the horizontal setup, but moving on to formulation 2, Figure 7.7
suggests that trends with respect to remaining moisture content are more pronounced. Again, in all three data representations this moisture stratification
can be noticed, but the two transformations do stand out in both visualising
the gradient and explaining the variance in the dataset. CLR has the best
performance (29.75 %), followed by ILR (27.24 %) and the volume fractions
(24.67 %). Based on these results indicating a breakage behaviour in function
of moisture content, it is assumed worthwhile to conduct population balance
modelling on these PSDs, also with usage of the CLR transformation in the
objective function (Section 7.3.2).
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Figure 7.7: PCA results on formulation 2 experimental PSD data
after drying on the horizontal ConsiGma-25. Each plot shows results for a specific data format: original volume fractions (left), CLRtransformed volume fractions (middle) and ILR-transformed volume
fractions (right).
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Finally, Figure 7.8 shows the PCA results on the campaigns with formulation
1 on the vertical ConsiGma-25 setup. Notably, there are less available experiments. The results with respect to data format are very alike. In terms
of the percentage of explained variance, there is little difference: PCA on volume fractions captures 30.33 %, on CLR-transformed data 31.69 % and on
ILR-transformed data 31.67 %. Visually a rough gradient with respect to remaining moisture content can be seen. This is in line with the conclusions of
De Leersnyder et al. (2018) concerning the dry transfer line and therefore the
modelling of this breakage case is pursued (Section 7.3.2).
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Figure 7.8: PCA results on formulation 1 experimental PSD data
after drying on the vertical ConsiGma-25. Each plot shows results
for a specific data format: original volume fractions (left), CLRtransformed volume fractions (middle) and ILR-transformed volume
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7.3.2

Modelling results

As the previous section stated, formulation 1 on the horizontal line and formulation 2 on the vertical line showed some gradient in PSD after drying with
the remaining moisture content. Therefore these two cases are modelled with
the PBM kernels in Section 7.2.2. While doing this exercise, also the effect
of the objective function format is evaluated, i.e. whether calibration to the
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volume fraction PSD is sufficient or, instead, transforming into the log-ratio
domain has benefits. The model objective function values are indicated in the
figures as SSEq and SSEp , representing Θq and Θp from Eq. 7.17 and 7.18
respectively. For all simulations, the power-law breakage rate was in place.

Formulation 1 on vertical line
Breakage of the formulation 1 granules is simulated with the kernels mentioned
in Section 7.2.2. While the intensity of the size change is smaller than on
a horizontal line, patterns in volume fraction PSD change with respect to
remaining moisture content are clearer, due to the absence of a wet transfer
line.
Uniform breakage The first modelling attempt for the breakage behaviour
with formulation 1 on the vertical line is done by fitting to dataset F (see
Table 4.1) with the uniform fragment distribution (Eq. 7.7). Recalling that
this distribution has no parameters to be estimated, the only fitting, in this
case, is that of the base breakage rate S0 . The results of this calibration are
shown in Figure 7.9 for the case where η = 1/3. This is namely the value that
gave the lowest error with the measured PSDs all-round. The latter can be
seen in Figures 7.10 and 7.11 which show the estimated values for S0 in the
log-ratio and original domain respectively. Naturally, the values for S0 do not
differ as the calibration objective for estimating this breakage rate is the local
optimisation to achieve the same d50 as in the experimental PSD.
Figure 7.9 shows that the uniform fragment distribution hypothesis does not
capture the breakage behaviour between dryer and collection point very well.
The modelled PSDs are off-target for the width and the shape of the distribution. No significant change in the number distributions can be noticed either.
The breakage rate S0 , however, shows to be related to the moisture content
of the granules after drying in Figures 7.10 and 7.11. This is attributed solely
to the decrease of the d50 along with the wetness of the material after drying.
This uniform breakage model should be seen as a benchmark case, this is the
simplest model (no parameters in fragment distribution) for breakage, in fact
only capable to model the change in d50 . The errors between simulated and
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experimental PSDs reflect that the discrepancy is quite large, although this is
more apparent when compared with the errors obtained with the log-normal
model in Section 7.3.2.
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Figure 7.9: Calibration results of PBM with uniform fragment distribution for experiment F of formulation 1 on the vertical line, with
η = 1/3. Results are shown for product dried at four drying times.
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Figure 7.10: Estimated parameter values for uniform breakage of
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Figure 7.11: Estimated parameter values for uniform breakage of
formulation 1 on vertical line. Objective function values are those in
the volume fraction (%) domain.

Log-normal fragmentation The calibration for the log-normal breakage
requires estimation of parameters σlgn , µlgn and S0 . The former two are thus
estimated through PSO, as depicted in Figure 7.2. Calibration is done based
on the PSD data at four drying times within experiment F (see Table 4.1). Also
the experimental variability is included for weighting the objective function by
using the CLR transformation. Results are given for different power-law
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values in Figure 7.12. Regarding the best value for power-law coefficient η,
there is a clear winner with a value of 1, the lowest Θ are obtained there. The
Pearson test is used to quantify the correlation between estimated parameter
values (at η = 1). The results show that the fragment distribution parameters
σlgn and µlgn are linearly correlated with the remaining moisture content,
but also with each other. Breakage rate S0 shows a mild correlation, even a
negative one with the moisture content. Based on the correlations, all three
parameters are related linearly to the moisture content.

lgn

6
4
2
0

2

4

6

8

10
350

400

300

200

250

0

S0

0

2

4

6

8

10

200

SSEq

lgn

600

30

150

20

100

10

50

0

0

2

4

6

8

300

10

0

1/3
1/2
2/3
1

200
100
0

2

4

6

Average moisture content (LOD%)

8

10

Figure 7.12: Estimated parameter values for log-normal breakage of
formulation 1 on vertical line. Objective function values are those in
the log-ratio domain.

Figure 7.13 presents the result of this PBM that calculates its parameter values based on the experimental LOD% data corresponding to each experiment.
Simply examining the experimental data one can already notice that differences between experiments were quite small. It is thus tested whether the PBM
can simulate these narrow differences. The experimental distributions are generally well-approached in Figure 7.13. The subtle differences, especially in
volume fraction between 100 µm to 1000 µm, can be simulated, although an
underprediction of the volume fraction in 1000 µm to 2000 µm somewhat takes
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Drying time
LOD%
σlgn
µlgn
S0

Drying time

LOD%

σlgn

µlgn

S0

1.000
-0.952
0.835
-0.823
0.266

-0.952
1.000
-0.955
0.953
-0.546

0.835
-0.955
1.000
-0.957
0.700

-0.823
0.953
-0.957
1.000
-0.765

0.266
-0.546
0.700
-0.765
1.000

Table 7.1: Pearson correlation results between drying time (s), remaining moisture content (LOD%) and estimated model parameter
values after calibration in log-ratio domain.

place for the wetter granules (i.e. at shorter drying times). Notably, changes
in number fractions are also simulated, albeit with lesser accuracy. This is
discussed further in this paragraph.
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Figure 7.13: Prediction results of PBM with log-normal fragment
distribution for formulation 1 on the vertical line, with η = 1.

Examining now whether this result differs from simply calibrating to the
volume fraction PSD, Figure 7.14 indicates that it does. Different trends
are present as compared to the parameter estimates in Figure 7.12. The values of objective function Θ, for instance, do not differ greatly and there is no
value for η where consistently a better fit was achieved. On average, η = 2/3
performed the best, therefore relating the breakage behaviour rather to the
particle area instead of its volume. The parameter correlations are quite low
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in Table 7.2, yet linear models of the parameters in function of LOD% are
attempted anyway. With this model structure, the results in predictions in
Figure 7.15 are not differing much with respect to moisture content. The volume fractions are approached, but number fractions are not as well-described
as in the optimisation using the CLR-transformation in Figure 7.13.
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Figure 7.14: Estimated parameter values for log-normal breakage of
formulation 1 on vertical line. Objective function values are those in
the volume fraction (%) domain.
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Drying time
LOD%
σlgn
µlgn
S0

Drying time

LOD%

σlgn

µlgn

S0

1.000
-0.952
0.793
-0.016
-0.089

-0.952
1.000
-0.575
-0.279
0.336

0.793
-0.575
1.000
-0.532
0.504

-0.016
-0.279
-0.532
1.000
-0.632

-0.089
0.336
0.504
-0.632
1.000

Table 7.2: Pearson correlation results between drying time (s), remaining moisture content (LOD%) and estimated model parameter
values after calibration in log-ratio domain.
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Figure 7.15: Prediction results of PBM with log-normal fragment
distribution for formulation 1 on the vertical line, with η = 2/3.

Formulation 2 on horizontal line
The experiments with the paracetamol formulation showed a breakage behaviour that was related to the drying time, despite the presence of the wet
transfer line. There even tends to be bimodality in the PSD of the dried
product. Therefore the discussion on the uniform breakage results can be
short, as this kernel only produces unimodal PSDs, similar to the results in
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Figure 7.9. The error between measured and simulated PSD are also high (as
shown in the log-ratio domain in Figure 7.16).
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Figure 7.16: Estimated parameter values for uniform breakage of
formulation 2 on horizontal line. Objective function values are those
in the log-ratio domain.

Log-normal fragmentation
Log-ratio objective First, we assess the results of calibration with the help
of transformation into the log-ratio domain, thus weighting the prediction error with the experimental variability. Compared to the uniform breakage, the
calibration results with the log-normal distributions look much better. Figure 7.17 shows this for the case where η = 1/3, as the best fit was obtained
with this power-law value (see Figure 7.18). The bimodality of the broken material’s PSD can be simulated with the current kernel. Slight discrepancies can
still be seen, for instance at a drying time of 80 s, in the shape and location of
the smallest mode. Also, it must be noted that the resemblance between simulated and experimental PSD for 100 s is an exception of the good results with
this dataset. Finally, it is interesting to note that the size change represented
in number fractions, the left sides of Figure 7.17, is also approached, despite
that the objective function only took into account the log-ratio transformation
of the volume fraction. This means that, firstly, this number information is
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Figure 7.17: Calibration results of PBM with log-normal fragment
distribution for experiment A of formulation 2 on the horizontal line,
with η = 1/3. Results are shown for product dried at five drying
times.
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Figure 7.18: Estimated parameter values for log-normal breakage of
formulation 2 on horizontal line. Objective function values are those
in the log-ratio domain.

Figure 7.18 reveals that the parameter values of the log-normal distribution,
µlgn and σlgn did change over calibration to different experiments. Therefore
it is attempted to correlate these to the factors that changed between the
experiments calibrated to: the drying time and the remaining moisture in the
granules. Results of linear correlation analysis (Pearson test) are shown in
Table 7.3. The results indicate that any correlation between the calibrated
values and the moisture content is always stronger than those with the drying
time. This was also expected, based on the conclusions of De Leersnyder et al.
(2018). If the granules’ size stays more intact at longer drying times, the size
change must be related to the moisture content.
From Table 7.3 it can be derived that only µlgn shows a strong linear correlation to moisture content. Also, this should be seen in light of the bad fit
for the drying time of 100 s. The parameter values are also out of trend with
the values obtained for the other drying times, not to mention that the experimental moisture content at 100 s was measured to be higher than the one
after 80 s of drying. It is therefore opted to leave the 100 s experiment out of
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correlating the PBM parameters to remaining moisture content. This makes
the correlation between parameter values and LOD% increase (Table 7.4).
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Relation to moisture content In this part, some proposed correlations are
tested. The model parameters are related to the remaining moisture content
and the predictive powder of this model is tested using the data of the experiments with formulation 2. This is the model validation process, as the model
performance is evaluated on experiments not used for calibration. Different
strategies are attempted for relating the model parameters to the moisture
content after drying. We start with simply relating µlgn linearly to LOD%
and taking the average calibrated values for the other parameters (σlgn and
S0 ). Figure 7.19 shows that this approach is not sufficient. Predicted PSDs
are off-target and, even worse, the opposite trends concerning remaining moisture content are simulated. It does give insight into how only variation in
parameter µlgn affects the predicted PSD, without even changing the breakage
rate S0 .
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Drying time
LOD%
σlgn
µlgn
S0

Drying time

LOD%

σlgn

µlgn

S0

1.000
-0.967
0.219
-0.928
-0.631

-0.967
1.000
-0.282
0.982
0.639

0.219
-0.282
1.000
-0.138
0.541

-0.928
0.982
-0.138
1.000
0.752

-0.631
0.639
0.541
0.752
1.000

Table 7.3: Pearson correlation results between drying time (s), remaining moisture content (LOD%) and estimated model parameter
values of all experiments of run A, after calibration in log-ratio domain.

Drying time
LOD%
σlgn
µlgn
S0

Drying time

LOD%

σlgn

µlgn

S0

1.000
-0.956
0.842
-0.844
-0.888

-0.956
1.000
-0.986
0.987
0.997

0.842
-0.986
1.000
0.017
0.663

-0.844
0.987
0.017
1.000
0.760

-0.888
0.997
0.663
0.760
1.000

Table 7.4: Pearson correlation results between drying time (s), remaining moisture content (LOD%) and estimated model parameter
values of experiments of run A, excluding the one at a drying time
of 100 s, after calibration in log-ratio domain.
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The results without variation of σlgn and S0 thus signal that more elaborate
correlation is needed. Next in line is S0 , which is related exponentially to
LOD%. A linear relationship based on the parameter estimates namely resulted in negative breakage rates at low moisture contents, which is impossible.
Predictions are presented in Figure 7.20. Relating S0 now predicts the trend
correctly: granule size decreases as the dried product has a higher moisture
content. Still, some prediction error can be noticed. In a final attempt, also
σlgn was modelled linearly in function of LOD%, showing improved simulated
PSDs in Figure 7.21.
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Figure 7.20: Prediction results of PBM with log-normal fragment
distribution for three experiments with formulation 2 on the horizontal line, with η = 1/3. µlgn was related linearly to remaining
moisture content and S0 exponentially.
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Figure 7.21: Prediction results of PBM with log-normal fragment
distribution for five experiments with formulation 2 on the horizontal line, with η = 1/3. µlgn and S0 were related exponentially to
remaining moisture content and σlgn linearly.
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lgn

The last model structure is thus able to simulate the type of PSDs resulting
from breakage through the dryer with formulation 2 in function of remaining
moisture content. Some predictions are still off in Figure 7.21, for which
one has to mind that the experimental variability in both PSD and LOD%
contribute to the outcome. The predicted PSDs are namely based on the
moisture content measurements.
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Figure 7.22: Estimated parameter values for log-normal breakage of
formulation 2 on horizontal line. Objective function values are those
in the volume fraction (%) domain.

Volume fraction objective The above part of this section was thus achieved with calibration based on clr-transformed data. In the remainder, the
results are compared to using the squared difference in volume fractions as
objective function. Figure 7.22 collects the information on the calibrated parameter values on this, which make clear that the power-law η has an ideal
value of 1.0 (in the log-ratio domain ηopt = 1/3.) The correlations of the parameter estimates and process variables are given in Table 7.5. One that jumps
out is the correlation between the parameters itself, σlgn and µlgn , of 0.983.
This raises questions on the identifiability of the model when calibrating only
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to volume fraction data. Table 7.5 also shows that the correlation coefficients
between the parameter estimates and the LOD% are high, especially for σlgn .
Linear correlations could thus be proposed between these parameters and the
moisture content. The caveat is that, when computing these linear models,
the result for a moisture content of 1.0 wt% is an unnatural µlgn of −20.1 µm
(something that could have been predicted by looking at Figure 7.22). Therefore, an exponential relation is proposed to relate µlgn to the LOD% in this
case. The PSD predictions of this case are shown in Figure 7.23.
Optimisation method comparison Figure 7.23 shows that the difference
with the optimisation in the log-ratio domain is not large. The types of distributions, mono- and bimodal, can also be predicted with the current model
structure. Some progression in number fraction is even distinguishable in
Figure 7.23, yet predictions are less accurate than in Figure 7.21. The performance of both optimisation strategies is quantified in Table 7.6. The results
are shown as the average absolute differences in PSD, in log-ratio, volume
and number fraction format. This is compared with the average experimental
variation in this respect, calculated based on the repeated experiments. It
is clear in Table 7.6 that the average prediction error in no case goes below
the experimental variability. The prediction performances on individual experiments are given in Tables B.1 and B.2 for log-ratio and volume fraction
calibration respectively. There it can be seen that, despite of the proximity of
the predicted and experimental distributions in Figures 7.21 and 7.23, validation is technically achieved in neither case. Therefore, as the objective of this
model was to predict PSDs that are closer to the experimental ones than the
experimental variability, the model did not reach validation.
Still, interesting conclusions can be made regarding the methodology of this
chapter. Table 7.6 shows that the average prediction error of the final model,
after calibration to volume fractions, is 0.862 %. The error on the number
fraction representation of the distributions is 2.098 %. By including the logratio transformation to calibrate to q, the volume fraction error increased
slightly to 0.904 %, but the error in number fraction almost halved to 1.183 %.
This confirms that the CLR transformation emphasised different information

CHAPTER 7 POPULATION BALANCE MODELLING OF THE CONSIGMA™-25 DRYER SYSTEM 183

Number fraction (%)

30

wet granules
exp. 80s
sim. 80s
exp. 100s

Percentage %

25
20

sim. 100s
exp. 200s
sim. 200s
exp. 300s

17.5
15.0
12.5
10.0
7.5
5.0
2.5
0.0

sim. 300s
exp. 360s
sim. 360s

17.5
15.0
12.5
10.0
7.5
5.0
2.5
0.0

15
10
5
0

101

30
25

Percentage %

102

wet granules
exp. 80s
sim. 80s
exp. 100s

20

103

sim. 100s
exp. 200s
sim. 200s
exp. 300s

15
10
5
0

101

30
25

Percentage %

102

wet granules
exp. 80s
sim. 80s
exp. 100s

20

103

sim. 100s
exp. 200s
sim. 200s
exp. 300s

sim. 300s
exp. 360s
sim. 360s

15
10
5
0

101

30

wet granules
exp. 80s
sim. 80s
exp. 100s

25

Percentage %

102

20

103

sim. 100s
exp. 200s
sim. 200s
exp. 300s

17.5
15.0
12.5
10.0
7.5
5.0
2.5
0.0

sim. 400s
exp. 720s
sim. 720s

17.5
15.0
12.5
10.0
7.5
5.0
2.5
0.0

10
5
101

30
25

Percentage %

102

wet granules
exp. 140s
sim. 140s
exp. 200s

20

103

sim. 200s
exp. 300s
sim. 300s
exp. 400s

15
10
5
0

101

102

Granule size ( m)

103

17.5
15.0
12.5
10.0
7.5
5.0
2.5
0.0

sim. 300s
exp. 360s
sim. 360s

15

0

Volume fraction (%)

sim. 300s
exp. 360s
sim. 360s

Exp. A
Tgas: 40.0 C
Qgas: 360.0 m3
tfill: 60.0 s

101

102

103

102

103

102

103

102

103

102

103

Exp. B
Tgas: 60.0 C
Qgas: 360.0 m3
tfill: 60.0 s

101

Exp. C
Tgas: 40.0 C
Qgas: 440.0 m3
tfill: 60.0 s

101

Exp. D
Tgas: 60.0 C
Qgas: 440.0 m3
tfill: 60.0 s

101

Exp. E
Tgas: 50.0 C
Qgas: 400.0 m3
tfill: 120.0 s

101

Granule size ( m)

Figure 7.23: Prediction results of PBM with log-normal fragment
distribution for five experiments with formulation 2 on the horizontal
line, with η = 1. µlgn and S0 were related exponentially to remaining
moisture content and σlgn linearly.
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Drying time
LOD%
σlgn
µlgn
S0

Drying time

LOD%

σlgn

µlgn

S0

1.000
-0.967
0.756
-0.699
-0.856

-0.967
1.000
-0.881
0.848
0.869

0.756
-0.881
1.000
-0.983
-0.808

-0.699
0.848
-0.983
1.000
0.701

-0.856
0.869
-0.808
0.701
1.000

Table 7.5: Pearson correlation results between drying time (s), remaining moisture content (LOD%) and estimated model parameter
values after calibration in volume fraction domain.

Table 7.6: Average validation errors obtained with different optimisation methods and experimental error. The error is expressed as the average absolute difference between experimental and
predicted distribution, according to different formats: |∆q| as logratio-transformed volume fraction (unit −), |∆p| as original volume
fraction (%) and |∆n| as number fraction (%). The values shown
here are aggregated over all experiments, of which individual results
are shown in Tables B.1 and B.2.

Experimental
After calibration on p
After calibration on q

|∆q|

|∆p|

|∆n|

0.751
1.702
1.505

0.408
0.862
0.904

0.225
2.098
1.183
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in the PSD and allowed for approximation of the distribution in both volume
as number format.

7.4

Conclusions

Calibration and prediction of a PBM were performed to capture breakage phenomena over the dryer module in both horizontal and vertical ConsiGma-25
configurations. In this process, the log-ratio transformation allows for inclusion of the experimental variability in PSD into the PBM objective function.
Compared to simply calibrating on the difference in volume fraction PSDs,
optimising in the log-ratio posed a larger emphasis on getting the predictions right in both number and volume PSD formats. The practical benefit of
predicting the number fraction could be debated, yet Section 7.1.1 mentions
studies where differences in small particle size affect processability. From a
modelling perspective, the CLR-based calibration resulted in parameter estimates that had less correlation between parameters. In short, the CLR-based
objective function allows for a more detailed calibration including as much of
the high-resolution PSD information as possible.
Both cases of breakage pointed to the log-normal fragmentation as a much
better descriptor of the breakage behaviour going on in the dryer system, on
both configurations. The same model structure was thus valid for processing two formulations. In both cases, the breakage was empirically related to
the moisture content after drying, which showed a higher correlation to the
parameter estimates than the drying time.

CHAPTER 8
General conclusions and future
outlook

The thesis entailed various methodological strategies to gain understanding
on the semicontinuous fluid bed dryer system of the ConsiGma-25. The
overall conclusions of this work are written in this chapter and are also organised according to whether they apply to the system or the methods followed.
Some recommendations are also given for the continuation of these research
directions.

8.1

The ConsiGma™ drying system

The overall conclusion for granule drying in this thesis, is that it has been
proven to be a complex given, which cannot be described mechanistically
without fluidisation models due to its intricate phenomena and process output.
In Chapter 4, a drying model for pharmaceutical granules that accounts for
granule size has been tested to ditto data for the first time. The base single
particle mass transfer rate model proved not to be sufficient to capture the
effect of size, as a correlation of one of its parameters was necessary. Therefore, an additional correlation between drying behaviour and granule size was
in place, which could reside either on single particle level or in a bulk phenomenon. The latter was indeed not included in the modelling effort under the
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assumption that the fluidisation gas moved fast enough and provided sufficient
mixing, for the local relative air humidity build-up in the granule bed to be
negligible. This is thus not the case. In fact, the inability to generalise the
model to cases where the granule bed mass and air flow differs, confirm that
these phenomena should be taken into account for a predictive mechanistic
model.
The aforementioned does not mean that the single particle drying model is
not applicable. The effect of gas temperature on drying behaviour could,
namely, be described well. This only required a droplet heat balance and
no partitioning of heat transfer resistance into the crust and wet core region.
This could indicate that the energy for heating the granule is conducted mostly
through the liquid phase therein. However, the stagnation of the drying rate
at equilibrium needed to be included in the model. In fact, this must always
be present to predict the gradient of water vapour pressure that governs the
drying rate. The equilibrium moisture content for the material in Chapter 4
was determined in function of drying air temperature.
It is necessary to assess the moisture distributions resulting after drying. This
matches the richness in modelled output, which is already a distribution, with
the experimental information. The effect of the various interacting phenomena in the dryer could be distinguished from each other in data with the
distribution level of detail. It has proven to be necessary: after the discoveries
in Fonteyne et al. (2014a) and De Leersnyder et al. (2018) that granule size
is a dominant factor in the granule drying rate, it is experimentally proven
in Chapter 6 that the liquid content after drying even varies per size class.
This is likely a result of the semicontinuous aspect of the ConsiGmadryers,
yet the experiments with a batch fluid bed dryer in Chapter 5 also showed
some variation in moisture content after drying. Regarding data on process
dynamics, the addition of a model on fluidisation and changing air properties
benefits from comparing to air humidity and temperature measurements in
the drying system, possibly even along the height of the dryer cell.
Chapter 6 proved more than just the presence of variation in liquid content.
The properties of the moisture distribution in the granules changed over the
course of drying time. These become narrower as the equilibrium moisture
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content is approached, a natural conclusion given the stagnation of the drying
rate. The dryer inlet air flow also proved very influential on the moisture distributions after drying. This was a clear indication on the quality of fluidisation.
The granule bed mass affected the location of the moisture distribution, but
regarding the extent of variation in the granules’ liquid content the measurement technique did not indicate any clear influence. For unveiling any effect
of filling rate on fluidisation the experimental accuracy and the consistency of
the measurement should still be improved.
It was thanks to near-infrared chemical imaging (NIR-CI) that the distributions could be perceived in Chapter 5. The method relies on diffuse reflectance
of photons with wavelengths in the NIR region. The study proved that signal
penetration was not an issue for granules smaller than 3 mm in diameter. That
the moisture was captured could have several causes. The first one is that the
measured photons did travel deep enough into the samples. Yet the water in
the granules could also have just been spread sufficiently well over the entire
agglomerate. It would be worth to investigate this further, because this goes
against the premise of the single particle drying model that all the remaining
moisture resides in the core of the granule.
Accurate knowledge on the resulting moisture content after drying is necessary for process optimisation, but also to predict the breakage behaviour of
the granules that leave the dryer. This has been shown in Chapter 7. There,
it was attempted to model the breakage by pneumatic downstream transport
of the dried granules by imposing that the fragments follow a log-normal distribution. The aspects of the fragment distribution changed in function of the
remaining moisture content. The prediction of the PSD of the material that
enters the evaluation module therefore also depends on the prediction/measurement accuracy on the remaining moisture content after drying. According
to the proposed criterion, model validation was not achieved.

8.2

Methodology

The initial mechanistic model from Chapter 4 arranged single particle drying
kinetics in a semicontinuous bulk model, with the assumption that inlet air
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conditions applied throughout the fluidised bed. This model then required an
empirical addition to relate drying behaviour to granule size, although such a
relation was already present in the mass transfer rate calculation. This empirical part turned the model into a hybrid type. For another pharmaceutical
formulation, or even for different granulation settings, this model probably
needs recalibration. The extra influence of granule size indicated that a mechanism is missing from the model and is also needed to describe the drying
behaviour.
On the size change, the breakage model in this thesis also evolved from a
mechanistic PBM to a hybrid model by relating the breakage rate and fragment distribution function to the granule moisture content empirically. The
latter log-normal distribution can even be considered a phenomenological model. The breakage rate, or rather, breakage intensity, actually gives an overall
indication of granule strength. This property could in the future be related to
the formulation components and their adhesion properties. Detailed hypotheses are available on stress propagation through granular structures, although
these might require additional validation by means of controlled compression
tests (Einav, 2007).
What Chapter 7 mostly showed, was that the format of PSD data used in
model calibration affects the outcome. Different formats of the same distribution, i.e. the original and the log-ratio transformed version, proved to
emphasize different information in the PSD as a modelling objective function.
The centre log-ratio transformation made sure that small volume fraction values, for smaller particle sizes, are still accounted for in the calibration. Calibration to the original volume fraction mostly emphasized the other end of
the distribution, which may also be more experimentally variable. Moreover,
the estimated parameters values were less correlated when calibrating to the
log-ratio-transformed data and using experimental variability in the objective
function. Finally, a methodological advance was made regarding NIR-CI data
collection. The background detection procedure showed that a good awareness
of the image composition is needed. This allows to fully understand all the
elements that contribute to the measured spectra and use that information
to find the optimal spectral processing method. The Classical Least Squa-
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res (CLS) algorithm proved valuable here. Chapter 5 also showed that it is
worthwhile to test new regression methods for correlating spectra to the modelled variable. The difference in performance between ENR and PLS might
have been small and the coefficients found with the former technique are not
easy to interpret, but the results on moisture content prediction had improved
nonetheless.

8.3

Overall conclusion

This thesis has shown that good process models rely on adequate information
to be found in the experimental data that it is built on. A common thread
throughout this work was the matching of modelling and experimental information richness. Both in drying and in breakage modelling it was found that,
for truly mechanistic models, more detailed structures would be beneficial for
the generalisability of these models, at the cost of computational complexity
and experimental effort needed for accurate validation. The pursuit of modelling thus goes into developing more and more physical understanding of the
system with the aim of optimising its operation and reducing material wasted
on experiments.
Reliable process models for the ConsiGmadrying system thus need to take
into account its main phenomena: drying and breakage. For drying, the modelling effort without inclusion of fluidisation patterns proved to be insufficient
to capture the system well. Hereafter the novel experimental data collection
on this process confirmed this result, highlighting the need for advanced process models for the fluid bed dryer. To capture drying mechanisms down to
the microscale, advanced modelling and experimentation are thus needed.
For breakage, high resolution data is already available, yet this thesis shows
that the interpretation of this data into a modelling objective affects the quality of the model built upon the data. The applied transformations allow to
emphasise the most reliable information in the data by means of calculating
the measurement uncertainty on PSD data. Further emphasis is also placed on
the distribution of particles on the smaller end of the size range, which could
be important for the modelling of filter fouling during drying. Modelling re-
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quirements and experimental information have thus been matched here, as in
the drying modelling part. The overall purpose of this is to create more reliable process models for fluid bed drying, as well as other particulate processes
that the types of models in the current thesis applies to.

8.4

Future prospects

8.4.1

Modelling of semicontinuous drying

Expanding on the drying model of Chapter 4, the empirical parts of the model
should be investigated as to which mechanisms they actually represent. The
empirical relation of drying rate to granule size in the mass transfer equation
indicates that not every effect related to particle size was accounted for. This
additional mechanism could be situated on granule or bulk level. For generalisation of equilibrium moisture content prediction, this relation must also
take into account the material properties as well as the surrounding air conditions. The latter could be done with a Brunauer-Emmett-Teller (BET) model
(Peglow et al., 2007), whereas the former requires modelling at the level of the
powder crystals of the formulation components.
The most obvious model addition would be the fluidisation model used in
Peglow et al. (2007), which translates entirely empirical single particle kinetics to bulk drying. A line of studies preceded this model (Tsotsas, 1994;
Groenewold and Tsotsas, 1997; Burgschweiger et al., 1999) in describing bulk
drying kinetics based on the partition of the inlet air into suspension and bypass gas, modelling humidity build-up in the upwards moving gas and even
the exchange of heat with the dryer wall and the environment. At this point,
it is important to note the presence of bubbles of rising air in the fluidised
bed. The aforementioned models rely on the mass transfer model of Kunii
and Levenspiel (1991) which dictates that there is no direct mass transfer
from particles to bubbles. This is a widely used model, yet other hypotheses
exist that predict different mass transfer rates (Makkawi and Ocone, 2011). In
order to check which of such mechanistic models (or hybrids) applies the most,
sufficient data is needed on the change in moisture content of each phase. The
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moisture content distributions from Chapters 5 and 6 are useful in this case,
but need to be complemented with air humidity and temperature data, even
over the height of the fluidised bed, for a full model validation.
Generating the moisture content distribution data also begs the question: how
should a drying model then be fitted to these data? For this, it will be necessary to track a sufficient amount of particles individually through the simulation. The average moisture content, even per particle size, does not carry the
same richness in information as the data. In fact, the single-particle-based model from Chapter 4 already generates such model outputs, but has not taken
into account the effect of changing air conditions. The change in air humidity
in the fluid bed will alter the drying behaviour of granules entering at different
times during the filling time, so that the same drying curve does not apply to
all of them. This is the premise of the Chapter 4 and, despite its advantage
that it alleviates a lot of computational effort, it does not sufficiently represent
the full drying mechanism in the semicontinuous system.
For keeping track of numbers of particles according to a distributed property,
another methodology used in this thesis could be suited: population balance
model (PBM). In Chapter 7 it is exactly what it performed as it described
the change in numbers of particles in function of the size class. For drying,
this would be similar if the distributed property is moisture content instead
of size. This way, the amount of particles that pertain to different levels of
moisture content would be tracked over time. The fluxes, i.e. how many
particles go from a wetter to a drier level, would be calculated based on the
drying kinetics model. This type of model has even already been concocted in
Mortier et al. (2013b,a). There is, however, a large caveat. Moisture content is
not the only property to be tracked over time, as particle size and temperature
also govern drying rates. This means that particles do not only need to be
tracked with respect to moisture level, but also w.r.t. size class and enthalpy
level (intrinsic property for temperature), which generates a three-dimensional
grid. One could argue that this already is the case in the drying model of
Peglow et al. (2007). This model, however, is applied in a batch drying case
and assumes that the granules in the system are well-mixed. The enthalpy
and moisture change is thus the same for all granules of the same particle size.
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In the semicontinuous case, granules enter at different times and consequently
have differing moisture and enthalpy, even within the same size class. For
example, the granules of size 1000 µm to 1400 µm entering at the beginning
of dryer filling will have a different water content and temperature than those
arriving at the end of filling, even though they are in the same size class.
In conclusion, this approach would lead to a two-dimensional PBM to solve,
the dimensions being enthalpy and liquid content, for each size class to model.
This is a daunting task, even with the today’s computational means. For
that reason, the author feels that a simpler approach could work, where the
model of Peglow et al. (2007) could be used to track average liquid level
and temperature per size, of granules that enter in different segments of the
filling time. Imposing a case of a filling time of 60 s, one could model the
drying course of granules that enter during the first 5 s, the next 5 s and so on.
While incurring some error on the real behaviour, this approach alleviates the
computational burden significantly.
The aforementioned modelling strategies seem elaborate, but these are necessary to capture semicontinuous drying behaviour mechanistically. The system requires a detailed knowledge on fluidisation patterns, as this regime
even changes over drying time. Whether the dryer design is truly optimal for
drying, is an unanswered question. The continuous inflow could be beneficial for the drying efficiency, yet this is difficult to prove in both theory and
practice. Therefore, other dryer designs could be desirable. This alludes both
to the truly continuous dryers from Section 3.2.2 as well as to new designs
that are experimented with.
8.4.2

Near-infrared chemical imaging for pharmaceutical granules

The NIR-CI system has proven to be valuable for gaining insight into the
drying of pharmaceutical granules. The onset of the method has been given
in this thesis, while it is also indicated that the measurement error can still
be reduced.
Firstly, the sample cooling conditions and its consistency could be optimised.
The experimental error could namely have arisen from ice formation in the
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granules after cooling to temperatures of −20 ◦C. A rapid cooling of the dried
granules is still needed but experimenters must be cautious with the storage
time under these conditions. Making sure that the granule storage prior to
every measurement is the same is desired and monitoring and control of the
temperature and humidity would be good practices.
If the entire measurement process could be turned into one continuous throughput NIR-CI system, the consistency could improve and the operation would
be much less labour-intensive. The development of this device would require
thus: cooling of the granules in controlled air temperature and humidity, a
sufficiently reliable feeder for dispersing the granules and a conveyor belt to
the scanning system.
Up until a size of 3 mm the moisture content of the granules was reliably detectable by measuring diffusive reflectance. Another option, though, would be
an interactance mode scanning system, which measures the photons traversing
through the interior of the material instead of the directly reflected ones (Wold
et al., 2010). Penetration in the sample is deeper this way and could allow
for measurement of the largest granules, but possibly a more robust signal on
any granule moisture content as well. Finally, considering the improvement
of camera systems and buffer capacities, newly developed NIR-CI devices will
allow faster scanning leading to more accurate granule size determination.
8.4.3

Industrial application

The current thesis revolves around ameliorating methodologies for producing
more informative experimental knowledge leading to more reliable process
models on fluid bed drying. The methods contained herein can, however,
apply to other processes in the particulate industry as well, as this industry
also deals with chemical conversion rates that are dependent on the material
size. The experimental method and models built upon its data can thus serve
for further application in the industry.
Firstly, the data on moisture-size distributions allows for building more profound drying process models. Next to that, these data can give more detailed
insight in the amount of energy that is required to reduce the moisture content
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of all the material. As this property is critical for tableting performance, the
distributions allow to confirm that all of the material exiting the dryer contains less water than a critical moisture content for tableting. This analysis
cannot be performed on average moisture content data. Finally, Section 5.6
has been devoted to the road to industrial application of the NIR-CI method.
Finally, robust mechanistic models can be applied in tools that augment pharmaceutical process modelling. Model-predictive control allows for application
of the model for control purposes or as submodels in soft sensors, in order to
use these models real-time for product quality monitoring and control. Other
than that, reliable models can be used to optimise other resource consumptions of the pharmaceutical process, such as energy and costs. The optimal
settings for the drying process could be calculated, even in function of the
properties of the input material, for creating the most sustainable and costsaving operation while still assuring end product quality. This is, ultimately,
the incentive for the methods in this thesis for augmenting the experimental
means and information processing, on which these process models are built.

PART III
APPENDICES

APPENDIX A
Particle size distribution data for
statistical testing

Table A.1: PSD data, in number fraction, of three samples taken
from the dried product of one experiment (Exp. C in Table 4.1 with
drying time of 300 s).

Sample 1

Sample 2

Sample 3

30.0917
3.0640
6.1207
5.9504
5.9851
5.9086
5.4618
4.8541
4.5536
5.0656
4.8199
4.3298
3.7102
3.0797

33.1564
3.1988
6.3900
6.1424
6.0809
5.8544
5.3149
4.6847
4.3114
4.6471
4.3016
3.8228
3.2237
2.6656

31.9596
3.1427
6.2779
6.0716
6.0602
5.9123
5.4183
4.7802
4.4259
4.8278
4.5425
4.0403
3.4018
2.7812

Granule size (µm)
11.28
12.15
14.75
17.92
21.76
26.43
32.1
38.99
47.36
57.52
69.86
84.86
103.06
125.18

200

152.04
184.66
224.29
272.41
330.87
401.86
488.09
592.83
720.03
874.54
1062.19
1290.12
1566.95
1903.18
2311.55
2807.56
3410.0
4141.71
5030.43
6109.84
7420.87
n particles

2.3882
1.7334
1.1396
0.7087
0.4442
0.2682
0.1567
0.0855
0.0477
0.0249
0.0070
0.0005
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
1.49746e+07

2.0633
1.5101
1.0109
0.6447
0.4074
0.2504
0.1517
0.0861
0.0476
0.0248
0.0076
0.0007
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
1.56121e+07

2.1426
1.5639
1.0280
0.6512
0.4085
0.2542
0.1483
0.0823
0.0462
0.0243
0.0074
0.0005
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
1.36689e+07

APPENDIX B
Breakage PBM validation errors

Table B.1: Average validation errors obtained with optimisation
on the log-ratio-transformed volume fraction data. The error is expressed as the average absolute difference between experimental and
predicted distribution, according to different formats: |∆q| as logratio-transformed volume fraction (unit −), |∆p| as original volume
fraction (%) and |∆n| as number fraction (%). Experimental codes
refer to experiments in Table 4.1.

|∆q|

|∆p|

|∆n|

1.594
1.511
1.561
1.444
1.436
1.518
1.502
1.429
1.462
1.453
1.557

0.691
0.700
0.822
0.647
0.804
0.705
0.999
0.723
0.814
0.988
0.784

0.959
0.906
1.183
1.054
0.940
1.149
1.044
1.047
0.972
0.946
1.169

Code
1A0080
1A0100
1A0200
1A0300
1A0360
1B0080
1B0100
1B0200
1B0300
1B0360
1C0080
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1C0100
1C0200
1C0300
1C0360
1D0080
1D0100
1D0200
1D0300
1D0360
1E0140
1E0200
1E0300
1E0400
1E0720
1F0400
1F0700
1F1080
1G0200
1G0250
1G0300
1G0400
1G0700
1G1080
1H0300
1H0400
1H0700
1H1080
1I0200
1I0250
1I0300
1I0400
1I1080

1.541
1.482
1.451
1.464
1.526
1.465
1.448
1.444
1.462
1.508
1.572
1.488
1.460
1.436
1.825
1.565
1.466
1.568
1.559
1.527
1.567
1.432
1.439
1.531
1.550
1.482
1.493
1.512
1.551
1.494
1.452
1.513

1.185
0.459
0.450
0.626
0.715
0.606
0.419
0.681
0.866
1.078
1.096
0.614
0.485
0.866
1.542
0.645
0.740
1.032
0.830
0.820
0.893
1.179
1.413
0.764
0.881
1.427
1.820
0.968
1.112
0.902
1.338
1.736

1.316
1.122
1.060
0.944
0.951
1.015
0.910
0.946
0.906
1.114
1.419
1.197
1.041
0.837
1.494
2.034
1.237
1.254
1.382
1.668
1.982
1.023
0.868
1.485
1.301
1.272
1.073
1.811
1.417
1.291
1.151
0.973
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Table B.2: Average validation errors obtained with optimisation on the original volume fraction data. The error is expressed as the average absolute difference between experimental and
predicted distribution, according to different formats: |∆q| as logratio-transformed volume fraction (unit −), |∆p| as original volume
fraction (%) and |∆n| as number fraction (%). Experimental codes
refer to experiments in Table 4.1.

|∆q|

|∆p|

|∆n|

1.850
1.734
1.803
1.699
1.596
1.668
1.860
1.507
1.520
1.508
1.756
1.735
1.643
1.510
1.509
1.909
1.533
1.481
1.480
1.500
1.724
1.984
1.706
1.513

0.494
0.857
0.557
0.520
0.571
0.748
1.000
0.662
0.953
0.994
0.821
1.192
0.412
0.324
0.529
0.875
0.414
0.501
0.557
0.904
1.063
1.087
0.343
0.389

1.238
1.059
2.443
2.641
2.097
2.199
2.399
2.332
1.837
1.763
1.098
1.608
2.486
2.454
2.098
2.208
2.005
2.116
1.704
1.633
1.219
2.644
2.618
2.404

Code
1A0080
1A0100
1A0200
1A0300
1A0360
1B0080
1B0100
1B0200
1B0300
1B0360
1C0080
1C0100
1C0200
1C0300
1C0360
1D0080
1D0100
1D0200
1D0300
1D0360
1E0140
1E0200
1E0300
1E0400

1E0720
1F0400
1F0700
1F1080
1G0200
1G0250
1G0300
1G0400
1G0700
1G1080
1H0300
1H0400
1H0700
1H1080
1I0200
1I0250
1I0300
1I0400
1I1080

1.466
1.986
2.174
1.597
1.705
1.773
1.781
2.135
1.514
1.491
1.681
1.644
1.717
1.653
2.055
1.989
1.889
1.594
1.617
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0.727
1.296
0.670
0.589
0.992
0.704
0.879
0.964
1.094
1.290
0.672
0.764
1.364
1.891
1.106
1.299
1.039
1.235
1.703

1.811
0.797
3.669
2.617
1.398
0.818
2.660
3.520
2.346
2.025
0.840
0.861
2.651
2.322
3.386
2.815
2.749
2.536
2.091

Bibliography

Abdel-Ghani, M., Petrie, J., Seville, J., Clift, R., and Adams, M. (1991).
Mechanical properties of cohesive particulate solids. Powder Technol, 65(13):113–123.
Abuaf, N. and Staub, F. W. (1986). Drying of liquidsolid slurry droplets. In
Mujumdar, A. S., editor, Drying ’86, Vol 1, pages 227–248. Hemisphere,
Washington, DC.
Achata, E., Esquerre, C., O’Donnell, C., and Gowen, A. (2015). A study on the
application of near infrared hyperspectral chemical imaging for monitoring
moisture content and water activity in low moisture systems. Molecules,
20(2):2611–2621.
Adams, M. J., Williams, D., and Williams, J. G. (1989). The use of linear
elastic fracture mechanics for particulate solids. J Mater Sci, 24(5):1772–
1776.
AIAA (1998). Guide for the Verification and Validation of Computational
Fluid Dynamics Simulations. Technical report, Washington, DC.
Aitchison, J. (1982). The Statistical Analysis of Compositional Data. J R Stat
Soc Ser B, 44(2):139–177.
Aitchison, J. (1999). Logratios and natural laws in compositional data analysis.
Math Geol, 31(5):563–580.

205

Aitchison, J. (2003). The Statistical Analysis of Compositional Data. Blackburn Press, Caldwell, NJ, USA.
Alderborn, G. (2007). Tablets and compaction.
Amigo, J. M. (2010). Practical issues of hyperspectral imaging analysis of
solid dosage forms. Anal Bioanal Chem, 398(1):93–109.
Anantharaman, A., Cocco, R. A., and Chew, J. W. (2018). Evaluation of correlations for minimum fluidization velocity (Umf) in gas-solid fluidization.
Antonyuk, S., Tomas, J., Heinrich, S., and Mörl, L. (2005). Breakage behaviour of spherical granulates by compression. Chem Eng Sci, 60(14):4031–
4044.
Bakker, P. J. and Heertjes, P. M. (1960). Porosity distributions in a fluidized
bed. Chem Eng Sci, 12(4):260–271.
Barrasso, D., Oka, S., Muliadi, A., Litster, J. D., Wassgren, C., and Ramachandran, R. (2013). Population balance model validation and predictionof CQAs for Continuous milling processes: Toward QbDin pharmaceutical
drug product manufacturing. J Pharm Innov, 8(3):147–162.
Bayor, M. T., Tuffour, E., and Lambon, P. S. (2013). Evaluation of starch
from new sweet potato genotypes for use as a pharmaceutical diluent, binder
or disintegrant. J Appl Pharm Sci, 3(8 SUPPL):17–23.
Ben Yahia, B., Malphettes, L., and Heinzle, E. (2015). Macroscopic modeling
of mammalian cell growth and metabolism. Appl Microbiol Biotechnol,
99(17):7009–7024.
Berntsson, O., Burger, T., Folestad, S., Danielsson, L. G., Kuhn, J., and
Fricke, J. (1999). Effective sample size in diffuse reflectance near-IR spectrometry. Anal Chem, 71(3):617–623.
Berntsson, O., Danielsson, L. G., and Folestad, S. (1998). Estimation of effective sample size when analysing powders with diffuse reflectance nearinfrared spectrometry. Anal Chim Acta, 364(1-3):243–251.
206
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Metta, N., Ghijs, M., Schäfer, E., Kumar, A., Cappuyns, P., Assche, I. V.,
Singh, R., Ramachandran, R., Beer, T. D., Ierapetritou, M., and Nopens, I.
(2019). Dynamic Flowsheet Model Development and Sensitivity Analysis of
a Continuous Pharmaceutical Tablet Manufacturing Process Using the Wet
Granulation Route. Processes, 7(4):234.
Metta, N., Verstraeten, M., Ghijs, M., Kumar, A., Schafer, E., Singh, R., De
Beer, T., Nopens, I., Cappuyns, P., Van Assche, I., Ierapetritou, M., and
Ramachandran, R. (2018). Model development and prediction of particle
size distribution, density and friability of a comilling operation in a continuous pharmaceutical manufacturing process. Int J Pharm, 549(1-2):271–282.
Mezhericher, M., Levy, A., Borde, I., Mezhericher, M., Levy, A., and Borde,
I. (2007). Theoretical drying model of single droplets containing insoluble
or dissolved solids. Dry Technol, 25(6):1025–1032.
Mobaraki, N. and Amigo, J. M. (2018). HYPER-Tools. A graphical userfriendly interface for hyperspectral image analysis. Chemom Intell Lab Syst,
172(October 2017):174–187.
Moes, J. J., Ruijken, M. M., Gout, E., Frijlink, H. W., and Ugwoke, M. I.
(2008). Application of process analytical technology in tablet process development using NIR spectroscopy: Blend uniformity, content uniformity and
coating thickness measurements. Int J Pharm, 357(1-2):108–118.
Moreton, R. (2008). Disintegrants in Tableting. In Pharm Dos Forms - Tablets,
pages 217–249. CRC Press.
Mortier, S. T. F., De Beer, T., Gernaey, K. V., Remon, J. P., Vervaet, C., and
Nopens, I. (2011). Mechanistic modelling of fluidized bed drying processes
of wet porous granules: A review. Eur J Pharm Biopharm, 79(2):205–225.
Mortier, S. T. F., De Beer, T., Gernaey, K. V., Vercruysse, J., Fonteyne, M.,
Remon, J. P., Vervaet, C., and Nopens, I. (2012). Mechanistic modelling
of the drying behaviour of single pharmaceutical granules. Eur J Pharm
Biopharm, 80(3):682–689.

217

Mortier, S. T. F., Gernaey, K. V., De Beer, T., and Nopens, I. (2013a). Development of a Population Balance Model of a pharmaceutical drying process
and testing of solution methods. Comput Chem Eng, 50:39–53.
Mortier, S. T. F., Gernaey, K. V., De Beer, T., and Nopens, I. (2014). Analysing drying unit performance in a continuous pharmaceutical manufacturing
line by means of mass Energy balances. Eur J Pharm Biopharm, 86(3):532–
543.
Mortier, S. T. F., Van Daele, T., Gernaey, K. V., De Beer, T., and Nopens, I.
(2013b). Reduction of a single granule drying model: An essential step in
preparation of a population balance model with a continuous growth term.
AIChE J, 59(4):1127–1138.
Mujumdar, A. S., Molnár, K., Pakowski, Z., Marinos-Kouris, D., Maroulis,
Z., Saravacos, G., Devahastin, S., and Hall, C. W. (2006). Handbook of
Industrial Drying. CRC Press, 3 edition.
Närvänen, T., Lipsanen, T., Antikainen, O., Räikkönen, H., Heinämäki, J.,
and Yliruusi, J. (2009). Gaining Fluid Bed Process Understanding by InLine Particle Size Analysis. J Pharm Sci, 98(3):1110–1117.
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R., and Noort, J. (1999). Good Modelling Practice Handbook. Elsevier.
Venkatasubramanian, V. (2009). Drowning in data: Informatics and modeling
challenges in a data-rich networked world. AIChE J, 55(1):2–8.
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