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Summary

The pharmaceutical industry is facing some major challenges in the 21st century. Most
notably are the decrease in research and development productivity, the ever increasing
competition because of patent expiration and the increase in social and regulatory pressure. This triggered the industry and its regulators to rethink the entire business. One
particular measure is the aim for faster drug development using fundamental process understanding. This way, the behaviour of the manufacturing process can be predicted and
thus it can also be optimised for higher efficiency. Another recent trend is the transition
from batch manufacturing towards continuous manufacturing. In the latter, raw materials
are continuously fed into the process while at the same time final products are continuously
removed at the end. Research has indicated that this way of producing drug products holds
great potential because of the financial, quality and environmental benefits. This explains
why continuous manufacturing is already wide-spread in other process industries such as
the food, chemical and oil industry.
It is obvious that the application of continuous manufacturing requires real-time quality
assurance. Hence, the overall aim of this dissertation is to study the implementation
of automatic process control for continuous drug product manufacturing using process
monitoring and modelling. More specifically, this research focused on the commercial
ConsiGma™ 25 continuous wet granulation line used for oral solid dosage manufacturing.
The process of wet granulation involves agglomeration of primary powder particles by
adding a granulation liquid in a high shear environment. The continuous wet granulation
line available for this research consists of four distinct unit operations. These are material
dosing, twin-screw wet granulation, fluid bed drying and milling. Depending on the process
settings in each of these units, the quality of the final drug product is determined.
In the first part of this dissertation, the principles of industrial process control are explained
from a pharmaceutical manufacturing point of view. An important concept is the hierarchy
iii

that exists in any process control system. While the lower regulatory level primarily aims
at controlling the environment to which the product is exposed, the higher supervisory
level is in charge of direct product quality control. The latter is primarily needed to reduce
end product variability induced by process disturbance. As such, supervisory control is the
topic of this dissertation. When applied automatically, this type of control is also known
as advanced process control.
Next, the continuous system considered in this study was evaluated in terms of opportunities for advanced process control. Hereto, an in-depth analysis of the system as well as its
regulatory process control loops was performed. By applying system identification theory,
the dynamic behaviour of these low-level feedback control loops was accurately modelled.
Based on experiments and simulations it was concluded that the twin-screw wet granulation unit is most eligible for improved process control. In this respect, two objectives
were defined. The first one is real-time chemical composition monitoring and control of
the wet granules. The second one is real-time particle size monitoring and control of the
wet granules.
A first option to monitor the chemical composition in real-time is through the use of socalled soft sensors. Here, a mathematical model is used to predict the chemical property of
interest, instead of using a complex physical process analyser. This approach was applied
in a first case study presented in this work. The aim was to predict the concentration of a
placebo compound in the wet granules. To this end, a residence time distribution model
was used together with current and past flow rate values of the material feeder. In this case,
the results for both the simulation and the one-step-ahead prediction are satisfactory. In
a second case study, inline near-infrared spectroscopy was used to monitor and control the
moisture content of continuously manufactured wet granules. By combining spectroscopy,
multivariate data analysis, dynamic input-output modelling and a model predictive control
law, it was shown that the granule moisture content could be controlled onto a dynamically
changing setpoint. Moreover, disturbances in the material dosing were also adequately
compensated.
In the next step of this research, an inline method for wet granule size monitoring was
optimised and evaluated for advanced control. The instrument uses spatial filtering velocimetry to determine chord length distributions in real-time. Previous research on this
technique revealed that the sample presentation and process interfacing is crucial to obtain
adequate measurements. This explains why a novel dispersion accessory was evaluated in
this work. When actively dispersing the granules, the sample size increased by a factor
iv

two and therefore also the statistical power of the measurement increased. Once optimised,
the inline measurements were evaluated in terms of accuracy by comparing them with an
offline reference technique. Satisfactory results were also obtained for this case. To understand the impact of the inline measurement on the observed process dynamics, a nonlinear
distortion analysis was performed. This revealed the presence of a hysteresis effect induced
by dynamically changing particle rates and the fixed buffer size of the instrument. In order
to achieve stable control, a conservative approach which includes a detuned controller and
a sample-and-hold scheme is applied. Using these it was possible to control the median
granule size on setpoint. Yet, further improvements are needed to speed up the response
by compensating for noise and nonlinear effects.
Besides the more specific results, this dissertation also provides a more general notion of
what advanced process control can offer to the field of continuous pharmaceutical manufacturing, what its current state is and its perspectives for future developments.
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Samenvatting

De farmaceutische industrie staat voor een aantal grote uitdagingen in de 21ste eeuw. De
belangrijkste zijn de daling in productiviteit van onderzoek en ontwikkeling, de almaar
grotere concurrentie ten gevolge van patentverloop en de toegenomen sociale en regelgevende druk. Dit heeft de sector en zijn regelgevende organen aangezet om een drastische
omslag te maken in de manier van ondernemen. Een specifieke maatregel die recent werd
geïntroduceerd is het streven naar een snellere medicijnontwikkeling met behulp van fundamenteel onderzoek. Dit helpt om het gedrag van het productieproces te voorspellen en dus
ook om het te optimaliseren voor een hogere efficiëntie. Een andere recente ontwikkeling is
de overgang van batch productie naar continue productie. Bij deze laatste manier van produceren worden de grondstoffen continu aan het proces toegevoegd terwijl de afgewerkte
producten continu worden afgevoerd aan het eind van het proces. Onderzoek heeft aangetoond dat een dergelijke manier van produceren groot potentieel heeft in de farmaceutische
industrie. Dit is omwille van de voordelen op het vlak van kosten, kwaliteit en milieu. Dit
verklaart ook waarom continue productie reeds wijdverspreid is in andere takken van de
procesindustrie, zoals de voeding, chemie en petrochemie.
Het is vanzelfsprekend dat de toepassing van continue productieprocessen een realtime
kwaliteitsgarantie vereist. Het doel van dit proefschrift is dan ook het bestuderen van de
implementatie van automatische procescontrole voor de continue productie van geneesmiddelen door middel van observatie en modellering van de processen. Meer specifiek richtte
dit onderzoek zich op de commerciële ConsiGma™ 25 continue natte granulatielijn die gebruikt wordt in de productie van orale vaste vormen (vb. tabletten, capsules, enz.). Het
proces van natte granulatie omvat agglomeratie van primaire poederdeeltjes door het toedienen van een granulatievloeistof in een intens gemengde omgeving. De continue lijn die
gebruikt werd in dit onderzoek bestaat uit vier specifieke eenheidsoperaties. Dit zijn grondstofdosering, dubbele-schroef natte granulatie, vloeiendbed-drogen en malen. Afhankelijk
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van de gekozen procesparameters zal elk van deze eenheidsoperaties de kwaliteit van het
finale product mee bepalen.
In het eerste deel van dit proefschrift worden de principes van industriële procesregeling
toegelicht vanuit het opzicht van farmaceutische productie. Een belangrijk concept hierbij
is de hiërarchie die bestaat in elk industrieel regelsysteem. De lagere regelgevende niveau’s
zijn voornamelijk gericht op het beheersen van de omgeving waaraan het product wordt
blootgesteld, terwijl het hogere superviserende niveau verantwoordelijk is voor de directe
kwaliteitscontrole van het product. Het laatste heeft als doel de productvariabiliteit, ten
gevolge van procesverstoringen, te verkleinen. Dit maakt dat superviserende regeling het
onderwerp is van dit proefschrift. Wanneer dit type regeling automatisch wordt toegepast,
wordt dit ook geavanceerde procesregeling genoemd.
Vervolgens werd het continue systeem dat in deze studie werd beschouwd, geëvalueerd op
het potentieel om uitgebreid te worden met een geavanceerde regeling. Hiertoe werd een
diepgaande analyse van het systeem uitgevoerd samen met zijn verschillende regelkringen.
Door middel van systeemidentificatie kon het dynamisch gedrag van de deze feedbackkringen accuraat gemodelleerd worden. Op basis van experimenten en simulaties werd
aangetoond dat de dubbele-schroef natte granulatie eenheid het meest in aanmerking komt
voor het toepassen van meer geavanceerde controle. Aldus werden er twee objectieven
gedefinieerd. Het eerste objectief is gericht op de realtime observatie en regeling van de
chemische samenstelling van de natte granules. Het tweede objectief omvat de realtime
observatie en regeling van de fysische karakteristieken van de natte granules.
Een eerste mogelijkheid om de chemische samenstelling in realtime op te volgen, is door
gebruik te maken van zogenaamde virtuele sensoren. Dit zijn wiskundige modellen die
kunnen gebruikt worden om voorspellingen te maken van een chemische eigenschap die
van belang is. Aldus is er geen nood aan een complexe fysische procesanalysator. Deze
aanpak werd dan ook toegepast in een eerste deel van het onderzoek. Het doel was om
de concentratie van een placebomateriaal te voorspellen in de natte granules. Hiertoe
werd een verblijftijdspreiding model gecombineerd met de huidige en historische informatie opgemeten tijdens het doseren van de grondstoffen. Uit de resultaten blijkt dat de
simulaties en de één-stap-vooruit predicties zeer bevredigend zijn. In een tweede studie
werd nabij-infrarood spectroscopie gebruikt in de proceslijn om het vochtgehalte van de
continue geproduceerde natte granules op te meten, alsook te regelen. Door gebruik te
maken van spectroscopie, multivariate data-analyse, dynamische input-output modellering en model-predictieve regeling, kon het vochtgehalte dynamisch geregeld worden tot
viii

op de wenswaarde. Bovendien werden verstoringen in de materiaaldosering ook adequaat
gecompenseerd.
In de volgende stap van dit onderzoek werd een meetmethode voor het opmeten van
de granulegrootte in de proceslijn verbeterd en geëvalueerd, dit in het kader van geavanceerde controle. Dit instrument maakt gebruik van spatiale-filter-snelheidsbepalingen
om de koorde-lengtedistributie in realtime op te meten. Eerder onderzoek naar deze techniek toonde aan dat de presentatie van het staal alsook de inbouw van het instrument
cruciaal zijn om adequate metingen te krijgen. Daarom werd in dit werk de invloed van
een nieuw dispergeeraccessoire geëvalueerd. Wanneer de natte granules actief gedispergeerd
werden nam de grootte van het staal toe met een factor twee, waardoor ook de statistisch
waarde van deze meting verbeterde. Eenmaal geoptimaliseerd, werden de inline metingen
geëvalueerd inzake nauwkeurigheid door ze te vergelijken met een offline referentietechniek.
Ook hiervoor werden bevredigende resultaten verkregen. Vervolgens werd een niet-lineaire
distorsieanalyse uitgevoerd om de impact van de meting op de waargenomen procesdynamiek verder te onderzoeken. Hieruit bleek dat er een hysterese effect aanwezig is in de
meting. Dit wordt geïnduceerd door een combinatie van dynamisch veranderende staalhoeveelheden en de vaste buffergrootte van het instrument. Daarom zijn er conservatieve
maatregelen, t.t.z. een niet afgestemde sample-and-hold proportionele en integrale regelaar, vereist om de mediaan van de granulegroottedistributie te regelen op de wenswaarde.
Toch zijn er nog verdere verbeteringen nodig om de respons van het systeem te versnellen.
Dit kan door te compenseren voor ruis en niet-lineaire effecten.
Naast de meer specifieke resultaten geeft dit proefschrift ook een algemeen beeld van wat
geavanceerde procescontrole kan bieden op het vlak van continue farmaceutische productie, wat de huidige stand van zaken is en wat de vooruitzichten zijn voor toekomstige
ontwikkelingen.
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CHAPTER 1
Introduction

1.1

Problem statement

The pharmaceutical industry has for a long time been reluctant towards the introduction of
state-of-the-art science and technology into their manufacturing processes. This is mainly
because of the concern about the regulatory impact associated with the application of
novel production methods. As such, this industry was for a long time characterised by
outdated manufacturing technologies which came with considerable financial losses. Yet,
all of this was possible because of the favourable economic climate driven by considerable
profit margins on a select number of blockbuster drug products. However, around the
millennial transition this business model became increasingly unprofitable as a result of
an upcoming patent expiration wave, a decrease in R&D productivity and an increase in
regulatory and social pressure. Hence, the industry was triggered to rethink its entire
business, including drug development and manufacturing activities (Ierapetritou et al.,
2016).
To stimulate innovation in the pharmaceutical manufacturing industry, regulatory agencies around the world initiated the need for a risk- and science-based product development
toolkit. Soon after, the process analytical technology (PAT) framework was introduced
and adopted by the different pharmaceutical regulators around the globe. Here PAT is defined as a system for designing, analysing, and controlling manufacturing through timely
measurements (i.e., 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). Around the same time, the idea of introducing continuous manufacturing
lines emerged. With materials being continuously fed into the process while at the same
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time final products are continuously removed. This idea is revolutionary as the pharmaceutical manufacturing industry is almost exclusively operated batch-wise. Fortunately,
continuous production processes are well established in other industries. Examples are the
oil and gas, chemical and food industries. Based on their success, multiple advantages are
associated with continuous pharmaceutical manufacturing. These range from economic
and quality improvements all the way to environmental benefits (Srai et al., 2015).
Clearly continuous pharmaceutical manufacturing cannot exist without systems for realtime quality assurance. Hence, it is directly coupled with the PAT framework. Note that
this is in shear contrast with batch processes which rely mostly on offline analysis for
quality evaluation of intermediate and final drug products. The implementation of PAT
is however still in its infancy and thus requires more in-depth scientific research to exploit
its full potential. Most of the PAT work thus far is directed towards process and product
optimisation as well as real-time monitoring of product attributes, the so-called critical
quality attributes (CQAs). As a result, fundamental knowledge is created in the form of
mathematical models that describe the various mechanisms present in each pharmaceutical
unit operation. Indeed, an increase in process knowledge will directly translate into better
process and product design. Yet, the ultimate objective of PAT is the release of a drug
product directly after its manufacturing, i.e. real-time release. This requires automated
control strategies to actively regulate the processes and therefore assuring quality in realtime. In pharmaceutical manufacturing this domain is referred to as automatic supervisory
process control, advanced process control (APC) or level 1 control (Yu et al., 2014). Far
less research has been conducted to use the available models and measurement tools to
develop such control strategies for the industry (Troup and Georgakis, 2013).

1.2

Research objectives

As indicated by the title of this dissertation, three fundamental concepts form the core of
this work. These are supervisory process monitoring, identification and control. First of all
note that the three of them operate at the supervisory process level. In short, the supervisory level is that level of the overall control hierarchy that is in direct control of product
quality. Next comes process monitoring which is related to the idea that rather than waiting
until the end of the manufacturing process to test for quality, the process and intermediate product should be observed in real-time. Obviously, when disturbances are present a
process monitoring approach has a higher chance of succeeding as compared to end of line
testing. Following monitoring is identification, better known as system identification. This
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domain encompasses different methods that can be used to derive mathematical models by
using solely information of the applied process inputs and monitored responses. Through
the use of mathematical abstraction, these models can accurately represent the behaviour
of a process under different conditions. By combining the process monitoring tools and the
identified process models, an automatic control strategy can be defined which is capable of
manipulating the process inputs in such a way that the desired product quality is obtained.
Based on the outcomes of earlier and parallel research, four major research objectives were
proposed at the start of this work. The former three objectives being very specific to the
available continuous wet granulation line, i.e. the ConsiGma™ 25. In this respect it is
important to note that wet granulation is one of the key manufacturing steps in the supply chain of pharmaceutical tablets containing difficult to process active pharmaceutical
ingredients (APIs). Whereas the last research objective aims at improving the general understanding of the interplay between monitoring, identification and control for continuous
pharmaceutical manufacturing.
RO1: Model the continuous control loops at the regulatory level of the ConsiGma™ 25 line. The works of Mortier (2014) and Kumar (2015) were the first to
provide mathematical models which represent some of the fundamental mechanisms
present in respectively the fluid bed dryer and the twin-screw wet granulator of the
ConsiGma™ 25 line. Based on their works a parallel flowsheet modelling exercise was
initiated. This flowsheet model should ultimately allow for the detailed simulation
of the dynamic behaviour of the entire continuous manufacturing line and this for a
wide range of formulated products. Such an integrated model should thus be seen as
a virtual twin of the process which enables rapid computer based scenario analysis,
process optimisation and process design functionalities. Moreover, it should allow for
the simulation and tuning of a functioning supervisory process control strategy.
In order to obtain an accurate flowsheet model, a clear understanding of the dynamic
behaviour induced by the continuous control loops built in by the equipment manufacturer is needed. Besides, knowledge of the equipment dynamics can also help
targeting the more advanced process control strategies aimed for in this work. Note
that the function of these low-level process control loops is to maintain a constant
environment to which the product is exposed, rather then controlling product characteristics directly. Hence the terminology continuous control loops of the regulatory
level.
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RO2: Monitor and control the wet granule chemical composition on a ConsiGma™ 25 line. When operating a continuous manufacturing line it is of utmost
importance that the concentration of API, also known as the content, and other solid
or liquid components of the final dosage is guaranteed. This is however not a trivial
task when dealing with bulk solid processes where throughputs can exceed 100 kg/h
while the final products are in the order of a few hundred milligrams. A major problem that often occurs is related to the poor flowing properties of the dosed materials,
especially the feeding performance of cohesive APIs. Poor mixing or segregation of
the different raw materials can also alter the potency of the final dosage product.
Moreover, the way the process is operated in terms of material balancing will also
affect the end result. This underpins a need for supervisory monitoring and control
strategies to maintain a target chemical composition despite process disturbances.
To this end, existing monitoring methods described in the work of Fonteyne (2014)
can be extended for the purpose of real-time control.
RO3: Monitoring and control of the wet granule size on a ConsiGma™ 25 line.
In addition to the chemical composition, physical attributes such as powder or granule size and shape are also important in the manufacturing of oral solid dosages.
As mentioned in the work of Fonteyne (2014) and Tavares da Silva (2017), sample
presentation and software definitions can have a profound impact on the obtained
granule size measurements. Hence, a third detailed objective of this work is to understand and reduce this impact using a systems based approach. Ultimately, this has
the potential to achieve control of the twin-screw wet granulation process in terms
of granule size.
RO4: Improve the general understanding of more advanced process control
strategies for pharmaceutical drug product manufacturing. A final objective of this dissertation is to provide insight into the application of monitoring and
identification for the development of automatic process control strategies applicable
to the field of continuous drug product manufacturing. While the experimental work
performed in this dissertation is specific to the unit operations of the considered
manufacturing line, the results and observations as well as the methodologies aimed
for in this work are generic in nature. This means that they have the potential to
also advance process control developments for related manufacturing processes.
For example, some of the broader questions that will be touched upon throughout
this work are: How is automatic supervisory process control or APC defined in the
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pharmaceutical manufacturing industry? Where is APC located within the overall
process control picture? What is the current state of the art in real-time product
monitoring and control for continuous pharmaceutical tablet manufacturing? How to
select which unit operations should be targeted for advanced control? Can the lowlevel machine automation have an impact on the supervisory control strategy? How
does the speed of data communication impact real-time supervisory control strategies?
What are some of the critical points when implementing inline product analysers, and
how will this affect my control strategy? How can a product analyser have an influence
on the observed dynamics? How to combine real-time measurements from product
and process with mathematical models and control laws using validated commercial
software? Are real-time analysers really needed? Is there a need for fundamental
mechanistic models when developing automatic process control strategies, or can datadriven techniques prove to be sufficient? Using specific case studies performed on
the available continuous wet granulation line, light is shed on the answers to these
questions.
It should be stressed that this dissertation applies a data driven approach to answer the
objectives of this research. This means that all mathematical models and control strategies
proposed in this work are based on experimentally obtained measurement data, rather than
detailed theoretical analysis of the governing physical and chemical relations. There are
multiple reasons for this choice. In the first place, not all functional relations of the studied
wet-granulation process are known to date (e.g. aggregation and breakage mechanisms of
the twin-screw granulation process). As such, targeted development of control strategies
based primarily on theoretical insight is hampered by a fundamental knowledge gap. When
using a data driven approach to modelling and control, the underlying functional process
relations are not essential. This means that there is also no need to make simplifying
assumptions about the actual process behaviour (e.g. steady-state assumptions, order
reductions, linearisation, etc.). However, a disadvantage of data driven modelling is that
the obtained results are specific to the experimental setup and their validity is thus not
guaranteed when transferred to other process conditions.

1.3

Outline of the dissertation

This dissertation consists of four major parts. Each part is composed of one or more
chapters.
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Part I: State-of-the-art
The goal of this first part is to provide the reader with an overview of the rationale behind
this research. In Chapter 2 the general trends, challenges and opportunities currently
faced by the pharmaceutical industry are elaborated on. This chapter also introduces PAT
and continuous manufacturing. Understanding both concepts is essential when trying to
grasp the rest of this work. Next up is Chapter 3 which is a more in-depth literature
study on the topic of process control for oral solid dosage (OSD) manufacturing. A clear
overview of the different levels of complexity involved in a process control system is given,
however without introducing detailed mathematical concepts.
Part II: Background
The second part of this dissertation presents the necessary mathematical and technical
background needed to understand the remainder of this research. In the first section of
Chapter 4 multivariate data analysis and latent variable models are discussed for the purpose of process monitoring. Next comes a section on dynamic input-output models used to
describe the systems and signals encountered in modern industrial process control applications. This also includes a specific system identification method used to extract empirical
input-output models from process measurements. The final section of this chapter provides
a rigorous mathematical description of the different feedback control laws used throughout this work. Chapter 5 introduces the different steps involved in the production of
pharmaceutical tablets. Also, a detailed description of the ConsiGma™ 25 wet granulation
line available at Ghent University is given. This is needed to understand the complexities
involved when operating such a sophisticated machine.
PART III: Research outcomes
This part presents the conducted research. Together with Part II of this dissertation it
aims at providing answers to the research objectives.
In Chapter 6 a system identification approach is adopted to describe the dynamics of
the regulatory level continuous control loops of the ConsiGma™ 25 granulation, drying and
milling unit operations. This allows to simulate the dynamic response of each control
loop in case of start-up, shutdown and in-process setpoint changes induced by the process
supervisor.
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Chapter 7 introduces residence time modelling for API concentration monitoring. Moreover, its applicability as a soft sensor, and thereby replacing the need for a physical instrument, is evaluated. Chapter 8 is related to chemical composition monitoring, and
discusses the inline use of near-infrared spectroscopy (NIRS) to monitor the moisture content of continuously manufactured wet granules. Using an identified input-output model,
this quality attribute can subsequently be controlled on target when upstream raw material
dosing is disturbed.
Chapter 9 introduces spatial filtering velocimetry (SFV) as an inline measurement for
granule size directly after twin-screw wet granulation. Special attention was paid to sample presentation as this determines the accuracy, precision and reproducibility of the measurement. Other points of attention include prevention of blockage and fouling of the
instrument’s measurement zone. Based on the optimised measurement setup, Chapter
10 presents a dynamic analysis of the combined twin-screw wet granulation and inline size
monitoring instrument. Having this knowledge allows for the development of a real-time
median granule size control loop.
PART IV: Epilogue
In the closing Chapter 11, the main conclusions of this dissertation are provided together
with some perspectives and challenges ahead.

PART I
STATE-OF-THE-ART

CHAPTER 2
Challenges and opportunities in the
pharmaceutical industry

2.1

The pharmaceutical industry of the 21st century

The pharmaceutical industry represents both private and public organisations in charge of
drug discovery, development, manufacturing and marketing. In the European Union (EU),
the pharmaceutical industry is considered one of the top performing high-tech sectors
which contributes the most to its trade balance, with a surplus of e79.7 billion in 2017. It
employs 750,000 people directly and up to three to four times more indirectly. Because of
drug therapies, today’s EU citizens can expect to live up to 30 years longer than they did
a century ago and this while enjoying a much higher quality of life (EFPIA, 2018).
Characteristic to the pharmaceutical industry is that it relies heavily on scientific innovation, while at the same time being more regulated than any other industry. The result is
that fundamental research is translated into innovative and safe treatments that are widely
available to the patients at accessible costs. Clearly, this comes with high investments that
are considerably more risky than those in other high-tech sectors. To illustrate, the United
States Food and Drug Administration (FDA) yearly approves on average 31 novel drugs
out of the more than thousand compounds found in different stages of clinical and preclinical trials (CDER, 2018). This explains why the average R&D cost of getting a novel
drug product approved exceeds the enormous amount of US $2.5 billion (DiMasi et al.,
2016). Historically, many pharmaceutical companies could rely on only a few products at
the time to cover these costs. The term blockbuster drugs is used for the few drugs that
generate at least US $1 billion a year in revenue. However, the pharmaceutical landscape
of the 21st century has drastically changed (Ierapetritou et al., 2016).
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An important change in a pharmaceutical company’s innovation strategy is the notion of
time. Ever since the introduction of the abbreviated new drug application, legislated by
the US Drug Price Competition and Patent Term Restoration Act of 1984, the majority of
the income on a branded drug product has to be made during the twenty years of patent
protection. Once this exclusive right of manufacturing ends, which is in average around
12 years after the application, incomes drastically reduce as a consequence of competitors
making a generic equivalent of the branded product (Van Norman, 2016). Hence the
expression: yesterday’s blockbuster is today’s generic. Depending on the market, generic
products can be sold at discounts up to 70 % because of the limited requirements of R&D
investments for generic manufacturers. Because of the regulatory disclosure, other tools to
protecting intellectual property such as trade secrets and manufacturing know-how, cannot
be used to extend a drug product’s lifespan. A prime example is Pfizer’s US $10 billion
blockbuster atorvastatin, sold under the brand name Lipitor™. For at least 5 years it was
the number one drug product on the US market in terms of retail sales. When the patent
cliff arrived in November 2011, generic variants of the cholesterol regulator immediately
took over. By 2014, 97 % of the global sales were generic copies (Nasdaq, 2016). Given this
enormous potential in business value, the number of generic drug companies has exploded.
Even blue chip pharmaceutical companies, known for their branded drugs, have increasingly
been investing in generic drug divisions over the past decades.
The development of new drugs in the 21st century, is no longer a series of accidental
breakthroughs. Instead, complex yet systematic research needs to be conducted globally
between multidisciplinary teams that transcend organisations. Despite increasing R&D
expenditure and phenomenal technological breakthroughs, the number of new molecular
entities has at best remained approximately constant for small-molecule drugs (Kinch and
Griesenauer, 2018). Therefore a decrease in R&D productivity has been observed in the
last decades. The observation that every 9 years the number of new drugs approved per
billion US dollars spent on R&D halves, is known as Eroom’s Law in pharmaceutical R&D.
Intensive scientific research has been performed to fully explain this phenomenon, yet a
rigorous explanation has not been found (Scannell et al., 2012). According to some, past
R&D efforts have exhausted the easy targets which makes it harder for new successes
(Segerstrom, 1998). However, the problem might be more complex. In fact, private and
public payers, such as governments and insurers, discourage incremental innovation and
investments of follow-on drugs in already established therapeutic classes. This because of
reference pricing and the active promotion of price competition. As such, new R&D investments are focused on new therapeutic targets, with a higher associated uncertainty, but
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an expected lower post-launch competition (Pammolli et al., 2011). This also explains the
observed increase of more complex small-volume biopharmaceuticals over the last decade
(Kinch and Griesenauer, 2018). Another explanation for the decrease in R&D productivity
is related to the increasingly strict approval procedures for new drugs to enter the market,
i.e. overly cautious regulations. For example, public opinion and heavily debated drug
recalls have had a profound impact on requirements for new drug products (Ding et al.,
2014).
As a result of the aforementioned changes in the pharmaceutical landscape, regulators were
triggered to rethink the entire business. Early 2004, the FDA launched its critical path
initiative with a document titled "Innovation or Stagnation - Challenge and Opportunity on
the Critical Path to New Medical Products" which acknowledged the problems faced in the
drug pipeline (FDA, 2004). But more importantly, it stated that the applied sciences used
in medical product development, termed critical path research, have not kept pace with
the basic sciences used for drug discovery and translational research. As such, not enough
tools were available to accurately predict and optimise drug development. Relying on
cumbersome assessment methods resulted in long, costly and inefficient paths towards the
market, combined with a high rate of failure. According to the FDA, a new science-based
product development toolkit, originating from aggressive collaboration between private
organisations, regulators and academia; would help bridging the gap from the lab to the
market. Three dimensions were identified along this critical path (i) safety assessment,
(ii) evaluation of medical utility and (iii) product industrialisation. This dissertation aims
at the latter dimension, which is, turning laboratory concepts into consistent and wellcharacterised drug products that can be mass produced. Indeed, it is not uncommon that
problems in design, characterisation, scale-up, manufacturing and quality control extend
the time-to-market.

2.2

Innovation through process understanding

The pharmaceutical industry has for a long time been reluctant towards the introduction
of state-of-the-art science and technology into their manufacturing processes, this applies
for both primary drug substance manufacturing and secondary drug product manufacturing. The main reason is the concern about the regulatory impact. As a result, production
costs were high due to significant production losses, low equipment efficiencies and high
product inventories. Yet, all of this was made possible by the large profit margins on
blockbuster products, the favourable economic climate and the conservatism of the reg-
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ulatory framework. For the purpose of illustration, the Wall Street Journal reported in
2003 that the manufacturing techniques of futuristic new drugs was lagging behind those
found in potato-chip and laundry-soap manufacturing (Abboud and Hensley, 2003). An
important argument was the fact that the pharmaceutical manufacturing processes were
frozen according to predetermined specification independent of quality issues.
To stimulate innovation in the pharmaceutical manufacturing industry, regulatory agencies
around the world defined new guidances for pharmaceutical manufacturing early on in the
21st century. All of these are based on the use of science and engineering principles to
guarantee drug product quality.
• An important first document is the Guidance for Industry - PAT: A Framework
for Innovative Pharmaceutical Development, Manufacturing, and Quality Assurance
(FDA, 2004). It encourages the industry to adopt the latest scientific advances to
understand manufacturing processes in order to consistently deliver the predefined
quality. According to this philosophy, a process is well understood when (i) all sources
of product variability are identified and explained, (ii) variability is managed by the
process and (iii) product quality attributes can be accurately and reliably predicted.
The tools proposed to obtain this understanding are based on multivariate data
analysis, real-time process analysers, process control and continuous improvement
systems. As such, process analytical technology (PAT) was defined as a system for
designing, analysing, and controlling manufacturing through timely measurements
(i.e., during processing) of critical quality and performance attributes of raw and inprocess materials and processes, with the goal of ensuring final product quality. Such
an integrated approach decreases process risks and ultimately it has the potential to
enable real time release of a product.
• Guidance for Industry - Process Validation: General Principles and Practices
(FDA, 2011). Process validation is all about providing assurance that a specific process will consistently produce a product that meets its predetermined specifications
and quality attributes. In fact, it is a legal requirement to bring a product to the
market. For example, the Code of Federal Regulation Title 21 Part 211 Sections
100(a) and 110(a) require processes to be valid when producing drug products for
the US market. Note that, assurance in process validation should be based on scientific evidence obtained through collection and evaluation of data over the entire
life cycle of a product and process. Successful validation is therefore only possible
when the process is understood and controlled. Different methods can be used to val-
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idate pharmaceutical manufacturing systems, examples are the validation V-model
or the ASTM E2500-07 standard. Although PAT is not a requirement for process
validation, it should be clear that it does offer a higher degree of understanding and
control. This makes PAT the preferred option.
• ICH Harmonised Tripartite Guideline - Q8(R2): Pharmaceutical Development
(ICH, 2009b). It introduces the principles for building quality into products and
production processes in order to consistently deliver the intended performance of
the product. Moreover, it paves the way for flexible manufacturing processes which
are based on an enhanced knowledge of product performance over a wider range of
material attributes, processing options and process parameters. Hereto, the concept
of a design space is introduced as the multidimensional combination and interaction
of input variables (e.g., material attributes) and process parameters that have been
demonstrated to provide assurance of quality. Operating within the design space
is not considered a change and does therefore not require regulatory post-approval.
This guidance on pharmaceutical development is at the basis of the quality by design
(QbD) rather than quality by testing. It defines that product quality attributes
are dependent on the raw material attributes as well as the process parameters.
Critical quality attributes (CQAs) are those product attributes that can severely
harm the patient if they fall outside the acceptable range. An important step of QbD
is to identify the CQAs and their associated critical material attributes (CMAs) and
critical process parameters (CPPs) using risk-analysis combined with experimental
verification (Figure 2.1).

Figure 2.1: QbD aims at causal relationships between the inputs (CMAs and
CPPs) and the outputs (CQAs) of each unit operation in a pharmaceutical
manufacturing process. Image adopted from Yu et al. (2014).

Once this knowledge is available, process capability can be ensured using an integrated control strategy. Clearly, the control strategy itself should at minimum take
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into account the required CMAs and CPPs and compensate for their variability using
the tools defined in the PAT framework. This concept is further extended in other
guidances which are part of the QbD philosophy. For example the ICH Harmonised
Tripartite Guideline - Q9: Quality Risk Management, which explains the procedure for quality risk assessment and management and provides examples of possible
risk management methods and tools (ICH, 2006). And ICH Harmonised Tripartite
Guideline - Q10: Pharmaceutical Quality System, which describes a model for
an efficient quality management system for the pharmaceutical industry, based on
International Standards Organisation (ISO) quality concepts (ICH, 2009a).

2.3

From batch to continuous manufacturing

As a result of the innovation driven mindset of the pharmaceutical regulators, the idea of
continuous pharmaceutical manufacturing revived (Vervaet and Remon, 2005). In a continuous process materials are continuously fed into the process while at the same time final
products are continuously removed (Figure 2.3). In this way, manufacturing processes
without interruption and without intermediate storage can be achieved. A continuous
manufacturing line is composed of different continuous unit operations which are directly
coupled to make up an integrated manufacturing line. This is in sheer contrast to traditional pharmaceutical manufacturing which is dominated by batch-wise manufacturing
operations. In such batch manufacturing units, materials are charged all together into a
single unit operation and discharged only at the end of processing (Figure 2.2).
Many pharmaceutical unit operations are inherently continuous. However, most of them
are still operated in a disconnected fashion, making the integrated process batch-wise. The
reason why batch processes are so popular is related to the simplicity of the quality checks
at the end of each unit operation. Indeed, continuous manufacturing requires a higher level
of equipment and formulation design to ensure final drug product quality. Utilising the
opportunities offered by the recently introduced science- and risk-based regulations intends
to overcome the issues related to real-time quality assurance.
Continuous pharmaceutical manufacturing of oral solid dosages (OSDs) offers several advantages over batch manufacturing. The main drivers are economic, quality related and
environmental incentives which have the potential to reduce costs, waste and energy. An
overview based on the works of Plumb (2005); Schaber et al. (2011); De Soete et al. (2013)
and Byrn et al. (2015), is given in Table 2.1. An important advantage of continuous man-
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Figure 2.2: Illustration of a batch-wise pharmaceutical manufacturing facility.
Unit operations are isolated in space, transfer of the intermediate materials is
achieved using intermediate bulk containers (IBCs). Image courtesy of Glatt
GmbH.

ufacturing is related to the fact that increasing production volumes can easily be obtained
by extending the operational time of the line. This is opposed to batch processes which
would require multiple repetitions or changes in equipment capacities. This explains why
a more demand driven approach with smaller inventories can be realised when operating
continuously. Moreover, scale-up related activities that are typically required when going
from preclinical to clinical trials all the way to commercial manufacturing can be avoided.
Undoubtedly, continuous manufacturing has the potential to speed up development times.
As a consequence, products can be launched faster which results in major economic benefits.
To make a fair comparison, it must be commented that batch manufacturing also has
advantages. One of them is the clear definition of a batch. That is, based on the materials
being charged into a production unit the batch size is easily determined. The consequence is
that batch processing is very straightforward in terms of material tracing. For a continuous
manufacturing line it is much more difficult to trace back the original materials of each
lot. This is because of axial mixing along the process stream. While the start of a product
related event can usually be defined accurately, it is not trivial to accurately determine the
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Figure 2.3: Process flow diagram of an integrated continuous manufacturing
line. Depending on the product different manufacturing routes can be used,
e.g. direct compression or wet granulation. Note that the arrows represent
physical connections. Image courtesy of Coperion GmbH.

endpoint of these events. A second advantage of batch manufacturing is that it does not
require highly accurate dosing systems. In a batch process all materials are charged at once
based on weight. This is opposed to continuous manufacturing, where the need for highly
accurate continuous material feeding is key. Indeed, as shown by Figure 2.3, an impressive
number of gravimetric feeders and top-up stations are installed to operate the continuous
line. A third advantage of batch processes is their inherent flexibility. Using only a limited
number of batch unit operations, an impressive number of batch manufacturing lines can
be configured for the manufacturing of a wide variety of pharmaceutical products.
To facilitate the transition from batch to continuous, thereby tackling the challenges reported in Table 2.1, regulatory agencies have launched expert working groups which are
in close contact with the pharmaceutical industry. One of them is the cross-functional
Emerging Technology Team of the FDA which helps alleviating the industrial concerns presented by emerging technologies through open discussions prior to the filing of a regulatory
submission (FDA, 2017). For the Japanese market the Innovative Manufacturing Technology Working Group was launched by the Pharmaceuticals and Medical Devices Agency
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Table 2.1: Advantages and challenges of continuous manufacturing in the
pharmaceutical industry. Table adapted from Tavares da Silva (2017).

Advantages

Challenges

Drug product quality
Reduced scale-up issues
Lower processing volumes
improve quality assurance

Implementation of
real-time quality assurance
Change in mindset
required (regulators, quality
units, etc.)

Cost-effectiveness
A higher degree of automation
can be achieved
Just-in-time production
Less API consumption
during development
Reduced time-to-market
Reduced CAPEX
Less energy consumption

Expensive batch
manufacturing equipment
already available
Additional experts needed in the
fields of chemometrics, process
control, mechanistic modelling, etc.
to fully exploit big data generated
by continuous processes

Environmental
Reduced amount of waste
Contained production process
Reduced equipment footprint
No intermediate storage
Reduced product handling
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(PMDA) (PMDA, 2018). These kind of initiatives fuel the interest in continuous manufacturing of a number of pharmaceutical companies. Not only those producing branded drug
products show interest in continuous manufacturing, but also the generic manufacturers
and the contract manufacturing organisations (CMOs) (Palmer, 2016). Moreover, continuous manufacturing is not limited to secondary drug product manufacturing. Chemical
synthesis routes of drug substance manufacturing can also be transferred to continuous
flow systems. Integration of both drug product and substance into a single manufacturing
line is also being investigated (Dougherty, 2018). A crucial aspect of such completely integrated processes is that the processing speed and capacity of drug substance and product
manufacturing need to be correctly matched (Burcham et al., 2018).
With respect to secondary manufacturing, two different strategies have been adopted to
introduce continuous manufacturing. Either the pharmaceutical companies start from a
platform focus which allows them to get a generic understanding of the process before going
to commercial applications, or they adopt a product focused strategy in which the commercial manufacturing of a specific product is the prime objective while generic understanding
is gained along the way (De Belder, 2016). Examples of approved commercial continuous
manufacturing drugs are: (i) the antiretroviral Darunavir to treat HIV-1 infection, branded
under the name Prezista™ by Janssen: Pharmaceutical Companies of Johnson & Johnson
and manufactured with a custom continuous manufacturing line in Gurabo, Puerto Rico
(PharmTech, 2016), and (ii) two cystic fibrosis drugs branded under the names Orkambi®
and Symdeko® by Vertex Pharmaceuticals on a ConsiGma™ Continuous Tabletting Line
in Boston, MA (PharmTech, 2018). Based on the current investments in the technology,
other big pharma companies such as Eli Lilly, GlaxoSmithKline, AstraZeneca and Union
Chimique Belge will follow soon. Their products will not only serve the mature European and North-American market but also the emerging economies such as Brazil, Mexico,
China and India (EFPIA, 2018).
Original equipment manufacturers, which design and construct manufacturing equipment,
are also being challenged. Batch manufacturing equipment that has been proven for
decades needs to adapt suddenly to keep up with the continuous manufacturing wave.
Challenges faced by these vendors are mostly related to the mechanical integration of all
unit operations, compatibility of the different software programs, design of measurement
interfaces for real-time analysers, software that enables tracking of the raw materials, inclusion of predictive models, development of adequate supervisory process control strategies
etc. As such, designing a high performance continuous manufacturing line also requires
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external collaborations with other industrial and/or academic parties. Because of the complexity of continuous manufacturing equipment, there is a growing need to standardise both
software and hardware interfaces. This should allow for an increased flexibility of future
continuous manufacturing lines.
Interestingly, a third type of production system is commonly encountered in the manufacturing industry. It is referred to as discrete manufacturing according to the ISA-95
standard (ISA, 2008). Discrete manufacturing is defined as the manufacturing of products that are distinct items capable of being easily counted, touched or seen. An intuitive
example being assembly lines where parts and pieces are combined into a final product.
Note that this is very different from continuous manufacturing which handles materials as
a continuum based on weight or volume rather then discrete units. As such it also requires
a completely different monitoring and control strategy. Whereas discrete manufacturing is
mainly mechanically-oriented with discrete sensors and controls, continuous manufacturing
requires a deeper scientific understand to apply continuous controls using analog sensors.
Discrete unit operations are omnipresent in the pharmaceutical industry. Common examples are packaging, filling and bottling lines. Related to secondary manufacturing of
OSDs, the tablet press or capsule filler is located at the interface between continuous and
discrete processing. While very interesting from an automation point of view, discrete
manufacturing will not be elaborated further in this dissertation.

2.4

Pharma 4.0

Manufacturing industries around the globe are currently facing a revolution driven by the
integration of information and communication technologies into production systems, socalled cyber-physical systems. The term Industry 4.0 has become the trademark of this
fourth industrial revolution. Despite its overwhelming recent attention, it is still found
difficult to clearly define Industry 4.0. This is because its understanding differs among
industries, and due to the fact that not a single technology can be identified as the driving
force (Tschöpe et al., 2015). Instead, there are some shared characteristics which relate
to this revolution. Probably the most important technology behind Industry 4.0 is the
application of networked digital communications, including application of the internet,
all the way down to the process field level. This increased level of connectivity allows
for the exchange of larger amounts of data in real-time between the units of the lower
manufacturing level and the upper management levels of an enterprise, i.e. both horizontal
and vertical process integration. The next step is to use these massive amounts of data in
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real-time to gain insight into the manufacturing processes. Underlying this data mining
exercise are different manufacturing objectives, such as increased process understanding,
improved process control strategies, optimised production scheduling, forecasting of future
demands, predicting machine maintenance, enabling the manufacturing of personalised
products and many more (Reis and Kenett, 2018). The ultimate objective of Industry
4.0 is a smart factory located at the interface between the real and virtual world that
autonomously corrects for disturbances and optimises asset lifespans (Lee et al., 2015a).
It should be clear that this requires more than just a hardware and software upgrade.
It requires an organisational change which rethinks the existing manufacturing processes,
supply chain and job descriptions.
More recently the concepts underlying Industry 4.0 also captured the attention of the pharmaceutical industry. Pharma 4.0 envisions highly efficient automated processes driven by
a holistic production control strategy which allows for adaptation throughout the product
lifecycle. The idea is that the effect of unknown process parameters, raw material attributes and impurities are usually not addressed sufficiently in the current frozen control
strategies because it is often found impossible to predict variations already in the development phase (Herwig et al., 2017). That is why Pharma 4.0 combines the concept of
continuous process improvement, as defined in the ICH Q10 guideline on pharmaceutical
quality systems (ICH, 2009a) and the upcoming Q12 guideline on the technical and regulatory considerations for pharmaceutical product lifecycle management (ICH, 2017), with
the digitalisation opportunities provided by Industry 4.0.
Key to the application of Pharma 4.0 is continuous improvement through process knowledge
obtained from data generated by pharmaceutical manufacturing processes. As such, a
considerable part of the holistic production control strategy is based on integrating the tools
suggested in the PAT guidance (FDA, 2004). Roughly speaking, this is related to process
monitoring, modelling and control in order to predict and anticipate failures. For the
purpose of illustration, Figure 2.4 depicts the growing importance of these concepts within
the scientific literature for the case of continuous pharmaceutical manufacturing. According
to this graph, the number of publications on process control is lagging behind those on
monitoring and modelling. This is not surprising since the monitoring and modelling are
typically prerequisites for the development of an advanced process control strategy.
An interesting recent evolution driven by the needs of PAT, continuous manufacturing and
Pharma 4.0 is the application of predictive models for simulation and real-time purposes.
For example, flowsheet models which combine various unit operation models, for both
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Figure 2.4: Number of publications according to Web of Science using the following search filters: (i) TOPIC: (continuous pharmaceutical manufacturing)
AND TOPIC: (advanced process control) AND TITLE: (control); (ii) TOPIC:
(continuous pharmaceutical manufacturing) AND TOPIC: (process modeling)
AND TITLE: (modeling); (iii) TOPIC: (continuous pharmaceutical manufacturing) AND TOPIC: (monitoring).

drug substance and drug product manufacturing, are increasingly being adopted to simulate plant-wide scenarios in a continuous manufacturing setting (Boukouvala et al., 2012;
Benyahia et al., 2012; García-Muñoz et al., 2018). Even more complex scenarios, which
combine manufacturing unit operation models with oral absorption, drug dissolution and
physiologically based pharmacokinetic models, are currently being explored (PSE, 2018).
When such models prove to be valid for a wide range of pharmaceutical products, the
drug development process will accelerate considerably. It will become possible to predict
the impact of different formulation, material and manufacturing attributes on the performance of a drug product without the need for tedious experimental testing. Digital design
of pharmaceutical therapies might become the new standard, similar to other high-tech
industries such as automotive and aviation. A somewhat related game-changer is the application of predictive models in the real-time operation of pharmaceutical manufacturing
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plants. This creates opportunities for soft sensing, model-based control, real-time performance optimisation and many other technologies in the pharmaceutical manufacturing
industry. The importance of these real-time applications for the pharmaceutical process
industry was recently acknowledged by the formation of strategic partnerships between
leading providers in the field of equipment manufacturing, process automation, process
modelling and advanced process control (GEA, 2018; Siemens, 2018a,b).

CHAPTER 3
Process control levels for continuous
pharmaceutical tablet manufacturing

This chapter introduces the concept of process control. The aim is to provide a clear
overview of the different levels of complexity involved in a process control system, while
avoiding mathematical detail. Abundant literature references are provided to illustrate the
state-of-the-art in this field.

3.1

Defining process control

Process control refers to a broad range of methods that are used to regulate different
continuous variables, such as process operational settings, product characteristics, energy
consumption and economic performance of industrial processes. In practically all cases, the
common thread is the comparison of the actual process behaviour with a desired process
behaviour. The controller will subsequently generate an action that intends to minimise or
even eliminate the deviation between the desired and the actual behaviour (Wade, 2004).
In fact, process control should be understood as an essential part of most modern industrial
automation systems where it is in charge of defining the control actions needed to guide
the process towards a desired state (Figure 3.1). While industrial process control is used
in an automation context, it does not necessarily exclude manual operations by process
operators and engineers. Hence, a process control strategy typically includes hardware,
Partially redrafted from: Nicolaï, N., Verstraeten, M., Nopens, I., De Beer, T. (2018), Process
control levels for continuous pharmaceutical tablet manufacturing, in Chemical Engineering in the Pharmaceutical Industry, Second Edition - Drug Product Design, Development and Modeling, John Wiley &
Sons Inc.
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software and human components. Yet, faster and cheaper computation by means of networked digital computers, combined with more demanding industry regulations, has led
to the reduction of the number of control tasks performed by humans. Indeed, continuous
pharmaceutical manufacturing will require a high degree of computerised automation in
order to consistently ensure that all drug products meet their quality targets.

Figure 3.1: Elements of industrial process automation (Olsson and Rosen,
2005).

3.2
3.2.1

Reasons for process control
Ensure functional process operation

When operating a continuous pharmaceutical drug product manufacturing line, it is important to maintain a well-defined environment to which the product is exposed. Indeed,
when process parameters such as temperature, pressure, speed, level, flow rates etc. are
not continuously monitored and controlled, the manufacturing line is doomed to result in
failures and production losses. In process control terminology, this requirement is translated into applying the desired setpoints of the regulatory level process components. To
this end, different univariate sensors are typically in place to ensure the functioning of each
operation in the process. The measurements coming from these sensing elements can be
integrated into a process control loop that ensures a consistent setpoint for a particular
part of the process. In fact, such functionalities are also found on a batch manufacturing line. However, raw and intermediate material mass flow rates are not important for
the latter whereas they are essential for continuous manufacturing lines. In theory, the
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throughput of each unit operation can be calculated upfront. This means that the flow
rates in the manufacturing line are completely determined. In practice, however, each unit
operation exhibits undesired variation in the output mass flow rate due to various process
disturbances. Moreover, start-up and shutdown of a continuous line requires modified mass
flow rate procedures such as partial line holds, line priming etc. All of this is preferably
handled by the process control system which continuously balances the mass flow rate of
each unit operation to prevent overflow or draining of intermediate surge hoppers. This is
also referred to as line balancing.
3.2.2

Reduce product variability

Just like most industrial processes, secondary drug product manufacturing is subject to
external disturbances or failure modes in the critical material attributes (CMAs) and critical process parameters (CPPs) that could potentially cause undesired variability in the
critical quality attributes (CQAs) of the final drug product. In the case of oral solid dosage
(OSD) forms, the CQAs are typically those aspects affecting the potency, weight, uniformity, mechanical strength and stability of the product as well as the release of the active
pharmaceutical ingredient (API) in terms of disintegration and dissolution (ICH, 2009b).
The process control system ideally reduces the variation on these intermediate and final
product attributes. However, some output variability will remain unseen or uncontrolled
by the system, this is generally referred to as common cause variation. For example, for a
capable tabletting process the target in-spec variations are in the range of 1 % for tablet
weight, 5 % for tablet hardness and 2 % for tablet thickness. This makes that a continuous manufacturing line never really achieves a steady-state, but rather a state of control
(Myerson et al., 2015). Note that although the terms disturbance and failure mode can
be interchanged in the case of continuous manufacturing, the first is typically used in a
control engineering context, whereas the term failure mode originates from the field of risk
management.
3.2.3

Material tracebility

To guarantee patient safety, traceability of raw materials along the entire supply chain is
of major importance in the pharmaceutical industry. A system is typically in place which
identifies the history of a drug product in terms of processing, storage and location starting
at the manufacturing site all the way to the patient’s hands. For batch manufacturing
this is fairly straightforward as a clear separation between different production batches
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exists. When operating a continuous line this is however not the case. Different raw
material batches might be processed during the same production campaign. Since there
is a certain amount of axial mixing involved in most continuous unit operations, the final
drug product could be comprised of different raw material batches. Moreover, the amount
of material being processed at the time depends on the mass flow rate and the duration
within the continuous manufacturing line. This makes that the batch size is not limited
by the capacity of the equipment. To answer the what, where, when and why questions of
product traceability, it is thus key to understand the exact duration materials spend in the
continuous manufacturing line. Therefore, this boils down to understanding the amount
of back mixing present in the line in order to determine when and how a change in the
process input materials is propagated into the end products.
Related to this is the question on how to define the minimal traceable unit of a continuous
manufacturing line. That is, given the current technology, is it possible to reconstruct the
content of each unit dose or are we limited to an upper boundary in resolution. When those
questions are answered with the help of experimental and simulation tools, the process
control system can also assist in defining the history of a drug product manufactured
on a continuous line using real-time data acquisition. Moreover, it can help in rejecting
out-of-specification (OOS) product at intermediate or final diversion locations within the
line.
3.2.4

Optimise process performance

Nowadays, cost reduction is a major focus in the process industries. The same applies for
the pharmaceutical drug development and manufacturing industries that are confronted
with increasing product and process development costs, increased risk of failure and inefficient quality by testing. At the same time revenues from existing drug products on
the market stagnate or drastically reduce due to competition with generic pharmaceutical
companies as well as the push to hold down health care costs. From an industry perspective
it is therefore becoming more and more important to optimise the economics of pharmaceutical manufacturing processes. For continuous pharmaceutical processes in particular,
market demand, energy consumption, raw material prices, utility prices and product price
have to be taken into account during the production campaign. Again, process control can
offer solutions by steering a manufacturing process toward an economic sweet spot, which
guarantees maximal profitability.
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Sources of product variability

As mentioned before, disturbances acting on the CMAs and CPPs of a process operation
lead to variability in the end product CQAs. It is often difficult to identify all process disturbances because some of them might not be directly measurable during production. To
facilitate identification, distinct sources of product variability can be distinguished depending on their common origin in the manufacturing process. Within the scope of continuous
OSD manufacturing, the following six categories are to be investigated as potential sources
of CQA variability. Note the resemblance with the Six Sigma 6M method that is based on
the initial work of Ishikawa (1986).
1. Raw materials: The influence of both physical and chemical characteristics of the
raw materials has been thoroughly studied for different unit operations and formulations. An overview for roller compaction is provided by Hlinak et al. (2006) and
examples for twin-screw wet granulation are given by El Hagrasy et al. (2013). Although strictly regulated and controlled within predefined tolerance limits, excipient
and API properties of the same brand and grade might show batch-to-batch variability as a result of disturbances in their own individual manufacturing routes. An
example study provided by Fonteyne et al. (2015a) assesses the impact of unspecified variability in microcrystalline cellulose (MCC) samples, of the same grade, on
granule formation by means of twin-screw wet granulation. Also, when the suppliers
manufacturing route of a raw material changes during commercialisation, changes in
material attributes are to be expected (Stauffer et al., 2018). Other examples relevant to drug product manufacturing are provided in the work of García-Muñoz et al.
(2014) and O’Callaghan et al. (2018).
2. Process operation: An example that demonstrates the importance of the process operational strategy on CQA variability is provided by Peeters et al. (2015).
This study concerns a high-speed tablet press and illustrates the effect of tablet
weight variability at different operational settings such as tableting speed and paddle
speed in the feed frame. An experimental study for powder feeders by Engisch and
Muzzio (2015b) illustrates the relation between feed rate and the degree of mass flow
rate variation, expressed as a relative standard deviation (RSD). Indeed, working at
higher screw speeds reduces variability on the mass flow rate. In the same way, Vercruysse et al. (2014) shows how the standard deviation on granule moisture content
decreases with increasing liquid feed rates in a twin-screw granulation process. Besides disturbances due to normal process operation, deterministic disturbances that
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are often reflected as non-periodic or sudden step changes during processing are also
of concern. A common example is related to the refill strategy of continuous low
throughput loss-in-weight feeding systems. During normal operation accurate feeding of such systems is guaranteed by means of a gravimetric controller. However,
upon refill a sudden disturbance in material weight, compression, density and thus
feed factor is introduced. As shown by Engisch and Muzzio (2015a) and Berthiaux
et al. (2008), the re-fill strategy determines the level of disturbance in the material
flow rate. Particularly interesting sources of operational disturbances in continuous manufacturing lines, are partial line holds and the effect of the mass balancing
strategy. A commenting article by Almaya et al. (2017) illustrates that for a direct
compression (DC) line, the effect of intentional process holds on tablet weight and
content is only minimal.
3. Process and formulation design: In an early stage of the process life cycle, most
of the industrial manufacturing equipment is designed based on steady-state conservation laws, heuristic rules and economic calculations with off-the-shelf material and
utility properties. It is only in a later stage that a suitable operational and control
strategy for the manufacturing of a particular drug product with this equipment is
synthesised. Hence, there might exist a mismatch between the process design and
process control development phase, which could result in troublesome uncontrolled
sources of CQA variability. An example is given in the work of Vercruysse et al.
(2014) on continuous twin-screw wet granulation. As it turns out, the variability in
liquid distribution for twin-screw wet granules is highly dependent on the method
of liquid addition, i.e. in-phase/out-of-phase pump head configuration. At the same
time, solid powder dosing can also result in serious challenges for a continuous drug
product manufacturing line. This is especially the case for low dose materials such
as lubricants (e.g. magnesium stearate 0.25 - 5 %w/w) since small weight variations
might lead to a significant deterioration in product quality. A recent example by
Taipale-Kovalainen et al. (2018) illustrates such high variations in the feed rate of
the lubricant. At the same time it was also emphasised that the use of a wellperforming continuous blender can eliminate such variations. For another example
one can think of nonuniform heat transfer in a fluid bed drying operation due to
maldistribution of the gas flow (Jangam et al., 2009). The latter is simultaneously
resulting in under- and over dried granules that may have an impact on the final
tablet CQAs. Not only is the design of the process important but also the drug
product formulation itself. Consider for example the feeding of a highly cohesive
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powder with poor flowability. In such cases, a high RSD on the mass flow rate will
be observed as opposed to feeding of a fair flowing powder (Engisch and Muzzio,
2015b; Stauffer et al., 2019). Another example is given by Ellison et al. (2008) which
shows that intra-tablet density differences depend on the amount of lubricant in the
formulation. Indeed, such anisotropic behaviour of the tablet density might result
in variations in dissolution rate and thus patient bio availability. From a process
control point of view, such sources of variability are difficult to control because they
are inherent to the process and formulation design. Indeed, such design flaws should
already be dealt with during the initial life cycle stages in order to prevent cumbersome process control strategies aimed at minimising their impact. A more extensive
elaboration regarding process design that focuses on applications within the chemical
process industry is given by Seferlis and Georgiadis (2004).
4. Equipment status: Wear of moving parts as a result of mechanical friction is not
uncommon in the process industry. On the long term, mechanical changes of highshear equipment (e.g. dies, impellers, punches, screws and screens) might induce a
drift in the intermediate and final CQAs of the product. During process start-up
of high shear equipment (e.g. granulator, tablet press etc.), gradual heating of the
different mechanical parts will lead to elastic deformation which might induce product
variability. Another important aspect in solids handling processes is the gradual
fouling of process equipment and measurement instrumentation. An example of drift
caused by process equipment fouling is provided by Vercruysse et al. (2013). More
specifically, this study visualises the impact of gradual filter fouling for a fluid bed
unit operation. The work presented by Saleh et al. (2015) visualises the formation of
a powder cake during twin-screw wet granulation. Also, in the case of measurement
probe fouling, a bias may be observed in the measurements. Therefore, correction
mechanisms will miss their intended target and introduce unintended variability.
A solution to probe window fouling for a fluid bed coating system is provided by
Scheibelhofer et al. (2014).
5. Human operator: Manufacturing lines that require a great deal of manual interventions are prone to operator-induced variability despite the existence of training
programs and documented standard operating procedures. Potential reasons for incorrect execution of existing protocols are operator fatigue and distraction. Matthews
et al. (2017) provided an extensive work on the nature of operator fatigue across industries, as well as the resulting failures and countermeasures.
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6. Environment and utilities: Changes in the production environment such as ambient temperature, humidity and pressure as well as man- and machine-induced vibrations can have an impact on a production process. Indeed, damping machine
vibration is especially important when working with load cells for low throughput
dosing systems and to prevent particle segregation. The impact of vibrations on
production segregation in a rotary tablet press is illustrated by Staniforth (1982). In
addition, uncontrolled characteristics of utilities such as make up water, compressed
air, drying air and steam might change over time and therefore result in quality
variations of a final drug product.

3.4

Control systems hierarchy

As explained in the previous sections, a process control strategy encompasses different
tasks. Having a clear overview on the different levels of complexity is proven to be crucial
when evaluating existing or implementing new control loops within a continuous drug
product manufacturing line. Figure 3.2 shows the different technological layers that can be
present in an enterprise-wide control system (Skogestad, 2004). As the figure suggests, the
lower levels are the fundamentals for the higher levels of the pyramid. Hence, measurement
data is typically exchanged from the bottom-up, whereas reference values are moving from
the top-down. In addition, the time scale also varies from layer to layer. The bottom
layers are typically operated at high frequency (seconds, minutes), while the higher layers
have a relatively low update frequency (days, weeks). Although different ways exist to
divide an enterprise in its functional categories, the control hierarchy presented here is
especially valid for the process industry dominated by continuous operations. Discrete
parts manufacturing lines (e.g. automotive assembly lines) and batch production processes
(e.g. speciality chemicals) have slightly different control architectures as a result of their
discontinuous operation. A more generic functional model, including a detailed enterprise
management level, can be found in more elaborate references, e.g. ISA-95.00.03-2005
- Enterprise-Control System Integration, Part 3: Models of Manufacturing Operations
Management (ISA, 2013).
3.4.1

Field level

At the lowest level or field level, the process sensors or primary sensing elements such as
temperature probes, flow sensors, level sensors and load cells are located together with
their respective signal transmitters to communicate the data in a standardised format.
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Figure 3.2: Typical control hierarchy in the process industry. Also referred
to as the automation pyramid.

Typically, the field level sensors are of a univariate nature, i.e. they only measure a single
variable of interest. Discrete sensors such as proximity switches that provide information
on the state of a certain operation (e.g. motor is on/off, equipment is present and in correct
position, etc.) are also part of this lower layer. Hence, these sensors provide the necessary
information required for safe operation of the process and therefore ensure the limits and/or
constraints to which the process can be operated and controlled (e.g. level low/high sensor).
In addition, the field level also includes actuating devices. Process actuators are hardware
components used to manipulate the operation of the process, e.g. motors, pumps, valves
and heating elements. In control engineering terms, such actuators are typically referred
to as the final control elements as they are in direct control of the manipulated variable
of a process. Common manipulated variables are flow rates, temperatures and pressures.
While the field level does not provide a control strategy itself, it does provide the necessary
instruments to measure the process and/or manipulate it.
3.4.2

Regulatory level

Located just one step higher in the control systems hierarchy is the regulatory level, sometimes referred to as the basic control level. The main aim of the regulatory control layer is
(i) safe sequential operation (e.g. interlocks to prevent actuators from creating dangerous
situations) and (ii) maintaining a constant environment to which the product is exposed
(e.g. environment of constant temperature, pressure, shear, etc.). While the former task
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is part of a discrete control system, the latter is guided by a continuous control strategy
at the regulatory level. Technologies often found at the regulatory level are for example
programmable logic controllers (PLCs), safety relays and drives for motion control. In fact,
the technologies found at the field and regulatory level are making up the physical shop
floor of a process plant and are characterised by a high degree of automation provided by
the equipment manufacturer. It is important to note that the use of the term regulatory
level and regulatory control in the context of process control is by no means related to
the activities of regulatory agencies and organisations of the pharmaceutical industry. Although this might be confusing at first, its usage in this dissertation is maintained in order
to assure consistency with the control engineering terminology.
To a less-specialised audience, process control systems are typically regarded as those hardware and software components that relate to the primary task of the regulatory layer, i.e.
automatically ensuring a predefined sequence of operations. Although this is an important
task in discrete manufacturing, it is of less importance for the control of continuous industrial processes. In fact, a difference should be made between discrete factory automation
and continuous process control (Dunn, 2005; Hale and Martin, 2009). The focus of this
chapter is primarily on continuous control since it is of major importance for continuous
drug product manufacturing. Note that at the present time, most industrial processes are
automatically controlled by combining both discrete and continuous control operations to
reduce the number of manual process operations and manual data interpretation.
An example of a unit operation controlled only by discrete controls is an automatic vial
filling line (Figure 3.3). Here, the aim is to continuously ensure a sequence of operations:
(1) bring an empty vial into the workbench (2) ensure that a vial is in place, (3) fill the
vial to the desired level, (4) place a vial stopper, (5) ensure that the stopper is in place, (6)
place a metal seal, (7) ensure that the metal seal is in place, (8) release the vial from the
workbench. To orchestrate the synchronised operation of all these steps, a discrete control
system is in place to ensure a sequence of operations. Moreover, the control system will also
react when one of the steps is not performed as specified due to failure. This is handled by
having intermediate checks in place that verify the outcome of each step. Such verification
steps are performed with the help of a few discrete sensors such as limit switches. Whenever
a vial, stopper or cap would be missing, the unit is diverted from its normal route to avoid
reaching its intended destination, i.e. the patient. In the case of a vial filling line, the
discrete control system is completely automated and adaptable. Indeed, no operators are
involved at this stage to check each individual vial nor do they perform the corrective
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actions. To this end, a PLC or different type of microcontroller is in place. The PLC is
programmed to ensure a certain flow or sequential logic of the units using a combination
of basic if-else structures that respond to discrete events and exact timing functionalities.
Other discrete technologies at the regulatory level include motion control, the control of
pneumatic and hydraulic cylinders, unit inspection through machine vision, serialisation
and identification of the product. While it may seem that discrete control is only useful
when dealing with processes that handle products composed of discrete units or parts, it is
also used for batch processes and processes operating on continuous product streams such
as the typical unit operations found in drug product manufacturing facilities. For those,
discrete controls are used to control the start-up and shutdown of the continuous process
equipment, handling of process and safety interlocks, providing process alarms upon faults
or violations of operating constraints and diagnose process instrumentation.
In addition to discrete control functionalities, the regulatory layer may also carry out
continuous control. In control terminology, this is referred to as regulatory process control.
The aim here is to maintain a reference or setpoint value for the different continuous low
level or regulatory processes despite external disturbances. In this way, the product handled
in that particular part of the process is exposed to an exactly determined environment,
e.g. temperature, shear and pressure.
An illustration of a regulatory process control loop in continuous drug product manufacturing is, for example, the control of material throughput with a loss-in-weight powder feeder
(Figure 3.3). When operated in its gravimetric mode, the weight decrease in the hopper
due to material feeding is continuously monitored over time using one or more load cells.
This information is subsequently used by a controller (programmed on a microcontroller,
PLC or DSC system) to calculate the rate at which powdered material is fed into the next
unit operation. Through automatic manipulation of the feeding screw speed, the controller
is able to keep a specified setpoint over time for the material flow rate regardless of the
level of powder inside the hopper.
Currently, regulatory process control of most pharmaceutical processes is fully automated
to increase production rates and prevent inconsistent manipulations of the CPPs of a unit
operation. Depending on the problem at hand, different control laws can be programmed in
the memory of the controller. One of the simplest control laws is the ON-OFF control law
(Figure 3.4). Here, the control action u(t) applied to the manipulated variable can assume
just a minimum umin or a maximum umax value depending on how the value of the controlled
variables y(t) relates to the setpoint ysp (t), i.e. the control error e(t) = ysp (t)−y(t). If umin
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Figure 3.3: Left: A fully automated vial filling line using a discrete control
system. Image modified from Maquinaria Industrial Dara, SL. Right: A lossin-weight powder feeder that uses a continuous process control system. Image
modified from Coperion GmbH.

is chosen to be 0 or OFF, the result is similar to that of a relay switch. For an ON-OFF
controller, the control action is thus calculated as
(
u(t) =

umin if e(t) ≤ 0
umax if e(t) > 0

(3.1)

In this case, the only question that arises is how to define umin and umax or more general
∆u(t) = umax − umin . On the one hand, if ∆u(t) is substantial, the response of the
controlled variable will be fast, and therefore it might significantly overshoot the desired
setpoint value. On the other hand, having a very small ∆u(t) will result in very fast
oscillations around the target, which might not be desired. Although the ON-OFF control
law is widely adopted, e.g. in heating, ventilation and air conditioning applications, its
main disadvantage is the persistent oscillation of the controlled variable (Visioli, 2006).
Another widely adopted control law at the regulatory level is the proportional-integralderivative (PID) control law (Figure 3.4). It usually consists of applying the sum of three
types of control actions in a feedback loop: a proportional action (P), an integral action
(I) and a derivative action (D). Again, these actions relate to the error e(t) observed
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between the setpoint ysp (t) and the measured process value y(t), i.e. the control error
e(t) = ysp (t) − y(t). The control action for the non-interacting PID control law is given by

u(t) = Kp

1
e(t) +
Ti

Z
0

t

de(t)
e(τ )dτ + Td
dt



(3.2)

In fact, the three terms in this equation can be physically interpreted. The P action denotes
a direct proportional response of the control whenever the measured value y(t) deviates
from the setpoint ysp (t) as defined by e(t). The I action takes into account the past
Rτ
behaviour of the process by accumulating the errors over time 0 e(τ ) dτ . However, the
D action accounts for future errors by calculating the rate at which the error is changing
de(t)
. For satisfactory PID control, good values for the control parameters Kp , Ti and
dt
Td have to be assigned. In control terminology this is referred to as the act of tuning
a process controller. Different methods exist for controller tuning ranging from rules of
thumb to mathematically substantiated theories. Hence, in the past the performance of a
PID control loop depended on the expertise of the user. However, today’s software tools,
including process models and auto-tuning hardware, allow for fast and effective tuning
of different regulatory control loops without the need of specialist knowledge (Ang et al.,
2005). Note that the ON-OFF and PID controller do not necessarily need to know which
process loop they are actually controlling. This makes this type of process control empirical
in nature, which comes with drawbacks when handling more complex interacting, nonlinear
and time-varying processes.
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It is well-known that the standard feedback PID controller might not perform as desired for
more complex processes such as those characterised by a high degree of noise, constraints
on the manipulated variables, interactions with other processes, multiple control variables
and substantial time delays. In such cases the PID control law is typically modified such
that some terms of the equation are selectively ignored such as the P, proportional-integral
(PI) and proportional-derivative (PD) controllers. Modification of the control structure is
also done to overcome specific problems, e.g. anti-reset windup, cascade and feedforward
strategies. Indeed such modifications to the standard PID controller are likely to be found
at the regulatory level. This is referred to as advanced regulatory control within process
control engineering practice (Wade, 2004). Note that although new and effective control
laws are continuously being developed, feedback PID controllers are still by far the most
widely adopted controllers in industry. Some even estimate over five billion PID control
loops in industry worldwide (Nordh, 2016). This is because PID controllers are relatively
simple to use and provide satisfactory performance in many continuous process control
tasks.
3.4.3

Supervisory level

The next level in the control pyramid is known as the supervisory level. The term supervision indicates this layer’s intention to oversee an entire unit operation and/or entire process
with the aim of guiding the system in a defined direction. The objective is typically related
to directly maintaining target values for intermediate and final CQAs despite the array of
disturbances acting on the process. While process control at the regulatory layer is only
interested in ensuring a constant environment to which the product is exposed, supervisory
control aims at monitoring and controlling product specifications directly. Other objectives
of this layer are related to ensuring minimal energy and material consumption, ensuring a
continuous production flow across unit operations and avoiding over-recycling of the product due to recirculation loops (Lakerveld et al., 2013). All those tasks are achieved by
continuously updating the setpoints of the regulatory layer. Hence, the supervisory level
is not directly manipulating process actuators. The term setpoint control for this layer is
also being used (Tatjewski, 2007).
Product quality attributes as well as material and energy consumption depend on various
process parameters. Therefore, the problem tackled at the supervisory level is multivariate in nature and thus requires in-depth knowledge of the underlying complex process
behaviour. In the process control field, such a system is conceptualised as a multiple-
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input multiple-output (MIMO) process subject to a wide range of constraints. Indeed, the
supervisory controller has to make sure that based on process- and product-related measurements, the MIMO process results in a desired behaviour while meeting all constraints.
Control strategies that are abundantly referred to in the pharmaceutical industry rules,
regulations and guidelines are typically operated at this supervisory layer. For example, in
the FDA Q8(R) Pharmaceutical Development Guidance for Industry, the different elements
of a control strategy all relate to ensuring product quality, which is exactly the responsibility
of the supervisory control layer (ICH, 2009b). As the control pyramid indicates, to achieve
a state of control at this level, a well-functioning regulatory control layer is mandatory to
guarantee that the product is exposed to an exactly determined process environment.
Over the years different control strategies have been developed that specifically target the
complex problems observed at the supervisory level. An important difference with the
controllers found in the lower layer is the fact that supervisory control is not always automated. Manual analysis and manipulations of the process performance are very common
in certain industrial applications. The reason for that is the integrated multivariable processes being studied at this level, are not always completely determined. Moreover, the
processes operating at the supervisory level naturally operate at a slower pace as compared with the fast regulatory processes, leaving the possibility for thorough analysis and
evaluation by the process operator or engineer before defining a new control action. An
overview of different supervisory strategies in the pharmaceutical manufacturing industry
is illustrated in the work of Yu et al. (2014). In this work three levels of complexity are
proposed depending on the complexity of the supervisory control strategy (Figure 3.5).
3.4.3.1

Level 3

The least advanced, yet most widely adopted within the pharmaceutical industry is level
3 control. This type of supervision is characterised by extensive end-product testing combined with tight limits on the incoming material attributes and process parameters. Such
a control strategy is typically in place when there is only a poor understanding of the
underlying mechanisms governing the process, i.e. how CMAs and CPPs relate to the
CQAs of the product. Since most of the work is performed offline in the quality control
lab, this is a labour-intensive control strategy with limited feedback to compensate for
disturbances throughout process operation. That is why over-processing of materials is a
common strategy at this level, e.g. over-drying of wet granular material to ensure compliance to the residual moisture tolerance limits. In addition, analysis of CQAs is guaranteed
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Figure 3.5: Supervisory control strategy levels. Adopted from Yu et al. (2014).

through offline testing with long time delays. Indeed, a control strategy based on strict
regulations and the quality by testing principle is not aligned with the objectives of the
quality by design (QbD) and process analytical technology (PAT) guidances for industry
ICH (2009b, 2006, 2009a); FDA (2004). At most, the measurements taken over time are
used for thorough statistical analysis to determine if the process is drifting or not. Such a
passive control strategy only touches the field of statistical process control (SPC). Indeed
the application of a level 3 control strategy is only applicable if the risks of failure and its
accompanied losses are low. Since profitability through optimisation has become a major
concern in the industry, such a wasteful control strategy is not adequate for most pharmaceutical manufacturing lines. In fact, a transition toward continuous manufacturing of
drug substances and drug products requires a faster and more flexible approach toward
supervisory process control that does not depend on laborious manual analysis.
3.4.3.2

Level 2

Level 2 supervisory control is unquestionably more in line with the current QbD philosophy
as it is based on knowledge gained through appropriately designed development studies.
This means precise identification of the sources of process variability together with a clear
understanding of their propagated effects, in order to predict product variations accurately.
Indeed, this is exactly what the regulators are aiming for with the concept of a design
space of a process, i.e. a range in the multidimensional space of CMAs and CPPs for
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which it has been demonstrated that quality is ensured. For routine process operation,
the normal operating range is chosen to fit well within this design space. Different tools
exist to build a knowledge base upon which the design space can be founded, including
experimental analysis using factorial design of experiments, data-driven modelling and
detailed mechanistic modelling (Lepore and Spavins, 2008).
An important scientific basis for level 2 control is found in the field of statistical process
control. The goal of SPC is to detect the existence, magnitude and timing of changes
that might cause a process to deviate from its desired operation. At its hearth, SPC
is based on common cause variation data, probability distributions, statistical inference
and control charts. From these, metrics such as process capability and performance are
derived to determine process robustness (Yu, 2008). Yet, these methodologies are aimed
at monitoring rather than actively controlling the process; the term statistical process
monitoring is therefore suggested (De Ketelaere et al., 2015). Figure 3.6 gives an illustration
of a process average using an individual control chart, i.e. an i-chart, for a drug product
continuous direct compression (CDC) line as studied by Almaya et al. (2017). This work
exemplifies the role of SPC to monitor intra-batch variability as a result of start-up, steadystate, intermittent pausing and shutdown operations of a CDC line. An important aspect,
clearly elaborated in this study, is the fact that although a process might be in a state of
statistical control, it might not be conform to the specified quality limits. Hence, careful
comparison of the measured results against the relevant requirements is much needed.
In classical SPC, where only the CQAs of the final product are monitored, it is up to
process operators and engineers to find out a probable root cause of an out-of-control event.
Clearly, this is based on their understanding of the process and a one-at-a-time/univariate
inspection of the different process variables. For complex multivariable batch processes,
characterised by numerous interactions and correlations between the measured variables
and also for data-rich continuous processes, the expertise required by the process operator
becomes more and more demanding. A valuable alternative is multivariate statistical
process control (MSPC). Instead of using the complex data set as a whole, the variable
space is compressed to a reduced space composed of latent variables (LVs). These LVs
capture most of the underlying phenomena governing the observed process behaviour. An
overview of the different multivariate modelling methodologies such as principal component
analysis (PCA) and partial least squares (PLS) together with the possibilities they offer in
a process context is given by MacGregor et al. (2005). An important feature is the ease at
which information can be visualised using the few LVs or diagnostics such as the Hotelling
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Figure 3.6: i-Chart for a drug product CDC line (Almaya et al., 2017).

T 2 statistic, the squared prediction error (SPE) or the distance to the model in the X-space
(DModX). For these multivariate diagnostics, variable control charts such as Shewhart,
cumulative sum (CUSUM) and exponentially weighted moving average (EWMA) are also
applicable. Whenever one of the considered diagnostics is outside its control limits, fault
identification is made possible by tracing back the contribution of each original measured
variable to an out-of-control event using contribution plots. This clearly indicates that
MSPC is an important tool in the pursuit of controlled industrial processes. An example
for a continuous twin-screw wet granulation line is given by Tavares da Silva et al. (2017). In
this study, different logged process parameters were used in an MSPC strategy to determine
the state of the process while subjected to different artificial disturbances.
Initiated by the 2004 US Food and Drug Administration (FDA) PAT guidance for industry,
(near) real-time assessment of product quality is upcoming in the pharmaceutical industry
(FDA, 2004). For this purpose multivariate data analysis is commonly used to relate
multivariate measurements coming from real-time process analysers (e.g. near-infrared
(NIR) spectroscopy, Raman spectroscopy, etc.) to a prediction of a quality attribute in
real-time. This is commonly referred to as the act of measurement calibration. Different
applications of these so-called PAT tools for the production of OSD forms are summarised
in the work of Matero et al. (2013) and Laske et al. (2017). A summary of the challenges
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and issues related to spectroscopic PAT tools is provided by Chen et al. (2011). The
work of Goodwin et al. (2018) presents a control strategy to ensure tablet content and
content uniformity after compaction using PAT tools. To this end, compaction forceweight regulatory control of the tablet press is combined with at-line testing of mean and
individual weight as well as tablet content testing using NIR spectroscopy. A similar level
of control complexity is proposed in the work of Burggraeve et al. (2011) by combining
process measurements, real-time product measurements and MSPC to monitor a batch
fluid bed granulation process, i.e. batch statistical process control (BSPC).
Although the usage of real-time analysers is receiving considerable attention over the last
couple of years, the capital and operational investments that come with such instruments
can definitely be a barrier. Moreover, for some process variables (especially those that are of
interest in a solids handling process) real-time measurements do not guarantee robustness
at commercial scale or do not yet exist. An attractive alternative is therefore the use of socalled soft sensors or inferential sensors that use real-time measurements of readily available
secondary variables, i.e. process parameters such as temperature, humidity, mass flow rate,
torque, etc. together with a model to estimate a desired primary variable, i.e. product
quality attribute. Process models based on fundamental and empirical knowledge that are
used in the early stages of process development as well as LV modelling are good starting
points for such soft sensor strategies (Fortuna et al., 2007). A systematic approach for the
development of data-based soft sensors is given by Lin et al. (2007). The work of Rehrl et al.
(2018) demonstrates a soft sensor to predict API concentrations after continuous extrusion,
blending and twin-screw wet granulation. Interestingly, a transfer function model of second
order was applicable for all three applications. In batch operations such as fluid bed drying,
soft sensors are extensively used for end-point detection. An example for a semi-continuous
dryer is given by Fonteyne et al. (2014). In this work a mechanistic model using mass and
energy balances is compared against real-time NIR and Raman monitoring as well as the
conventional offline Karl Fischer method.
Current practice in the pharmaceutical industry is mainly based on locking production
settings, i.e. open-loop manufacturing with strict regulations according to level 3 control.
Instead, future manufacturing should rely on flexible process settings to actively anticipate
product variability (Oksanen and García-Muñoz, 2010; Matero et al., 2013). By using
multivariate modelling in combination with information about the design space, active
process manipulation to keep CQAs within specification limits is also made possible with
a level 2 supervisory control strategy. In this way, variability observed before processing
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(e.g. variability in raw materials, equipment status and environmental conditions) as well
as during processing (e.g. variability due to process operation, equipment status, environmental conditions and utilities) can be compensated. A simple illustration is manual
process adjustment with the help of an out-of-control action plan (OCAP). An OCAP
constitutes of a flowchart that describes a sequence of activities that must take place following an out-of-control event recorded with the help of a control chart (Montgomery,
2009). Clearly, such an action plan is limited to the knowledge used to define the strategy,
hence the importance of a fundamental process understanding. Note that the use of an
OCAP is a curative measure that is only triggered whenever a process is considered out
of control. Different studies for drug product manufacturing have however shown the use
of preventive actions to comply with product specification limits. Burggraeve et al. (2012)
uses a feedforward control strategy, based on multiple linear regression (MLR) models and
PLS models to determine an optimal temperature during the drying phase of fluid bed
granulation. In this way, the granule density at the end of the process falls within the
desired range.
In literature, LV models are mostly used to understand the process and predict quality
attributes using raw material attributes and process parameters. However, multivariate
data analysis can also be used for product and process design by using the LVs in the
inverse direction. This means using product quality specifications to estimate the required
raw material properties or process parameters. This methodology, referred to as model
inversion, requires numerically constrained optimisation tools to come up with potential
solutions (Jaeckle and MacGregor, 2000; Tomba et al., 2013). A neat example that uses
model inversion in the context of pharmaceutical manufacturing is given by García-Muñoz
and Mercado (2013) and later on extended by García-Muñoz et al. (2014). In the latter
research paper, an optimal inventory selection system is proposed, which, based on a
PLS regression model inversion, is capable of selecting which raw material lots should be
blended according to their physical properties in order to cancel out undesired interactions
across the different raw materials. In this way, the next best campaign in terms of tablet
dissolution rate is calculated up front using the available materials of the inventory. This
methodology can thus be seen as a level 2 supervisory control strategy that acts in a feedforward manner to reduce variability in the CQAs of the process. Similar work is presented
by Muteki et al. (2012).
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Level 1

While level 2 supervisory control has the advantage of increasing operational flexibility
through a design space concept, it does not propose real-time process manipulations to
automatically correct for deviations from the target. Hence, manual evaluation and interpretation is required from process operators and engineers. In this respect, operating
procedures with sufficient detail help these practitioners in standardising the operation
of a process. However, manual interventions are prone to external factors and might not
always take into account the complex underlying interactions of a manufacturing process.
In addition, ensuring exact timing and intensity of a manual process intervention can
be troublesome (Montague et al., 2003). These issues are especially valid for continuous
OSD manufacturing lines that are usually characterised by a relatively small residence
time and material holdup within each unit operation as well as small final dosage forms
when compared with the material throughput. Hence, an automatic control strategy that
actively manipulates the CPPs based on real-time measurements is paramount. Within
the current regulatory framework of the pharmaceutical industry, this automatic system
is sometimes referred to as PAT-based control (the term process analytically controlled
technology [PACT] is also used) and is covered by the level 1 supervisory control layer.
A straightforward example of level 1 control for a CDC line, using in-line Raman-based
feedback control, is given by Nagy et al. (2017). With the help of a PI controller, the
concentration of API surrogate in the blended material stream is kept on target despite
systematic operational disturbances. A similar approach was presented in the work of Zhao
et al. (2013). Because of its critical importance, API composition and content uniformity
control is generally targeted first for a level 1 control strategy. However, other intermediate
and final CQAs could also benefit from automatic process control. For example, a study
presented by Bordawekar et al. (2015) illustrates closed-loop control of API size metrics
by adjusting milling speed in response to measurements obtained from an online particle
size analyser. Also, the study of Baronsky-Probst et al. (2016) reports the application of a
feedback mechanism to control the specific mechanical energy (SME) and strand diameter
in a continuous twin-screw hot melt extrusion process.
As illustrated in the previous examples, the underlying control principles used in the automatic process control of the regulatory layer (e.g. ON-OFF and PID control) can also
be used at the supervisory level for level 1 control. However, the difference lies in the fact
that supervision typically relates directly to the automatic control of intermediate and final
CQAs themselves, hence going beyond control of the CPPs that determine the environment
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to which a product is exposed. In a pharmaceutical manufacturing context, the application
of such a level 1 control strategy can be referred to as advanced process control (APC). It
should be noted that although the origin of APC is found in the chemical, petrochemical
and oil refining industries, the exact usage of the term in different contexts is subject to
debate. Some authors in the field of pharmaceutical manufacturing refer to APC as all
possible control strategies that make use of PAT, mathematical models, or other techniques to actively control intermediate or final CQAs (Moshgbar and Hammond, 2010).
But in chemical engineering, the definition is more strictly defined in terms of problem
statement, i.e. APC is referred to as the control of MIMO processes that are subject to
physical constraints with the goal of improved product quality while reducing operational
costs (Nordh, 2016; Tatjewski, 2007). Although both definitions are very similar, in the
former pharmaceutical approach, APC does not necessarily need to tackle a MIMO process
and may include the usage of real-time process analysers for automatic control purposes.
However, as product quality is typically depending on multiple variables and their interactions within the process, the problems encountered in the pharmaceutical industry are
typically of multivariable nature, i.e. MIMO systems. In addition, the fact that reducing
operational costs in real-time is not specifically mentioned in pharmaceutical APC could
relate to the point that this technology still needs to prove its benefits at commercial scale.
In this dissertation the more general interpretation of APC, as provided by the work of
(Moshgbar and Hammond, 2010), will be used. Therefore the work in this dissertation is
aiming at real-time product quality assurance within drug product manufacturing.
Different automatic control strategies exist to ensure proper supervision. A straightforward
solution to such a multivariable control problem is the application of multiple controllers,
e.g. PID controllers, acting on the single-input single-output (SISO) subprocesses. This
is also referred to as decentralised control (Wang et al., 2008). An experimental example for a pilot-scale integrated continuous pharmaceutical manufacturing line is given by
Lakerveld et al. (2015), while Singh et al. (2016) report a decentrally controlled CDC line
using a tumbler mixer, and Singh et al. (2014a) illustrates the use of decentralised control in a continuous wet granulation simulation study. The advantage of the decentralised
control approach is related to its simplicity and ease at which it is maintained. Clearly,
an important part of decentralised MIMO control is finding the optimal pairing between
inputs and outputs. Different methodologies exist to quantify the degree of interaction,
ranging from the commonly used relative gain array (RGA) to more elaborate measures
such as Gramian-based interaction metrics. A more heuristic approach is suggested by
Lakerveld et al. (2013) and Rehrl et al. (2016) which uses sensitivity analysis to evaluate
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input-output pairing for pharmaceutical manufacturing processes. In addition, the work
of Ramachandran et al. (2011) provides a simulation study that compares the influence of
different degrees of process interactions on the input-output pairing and the decentralised
controller performance for a CDC line. The results in this work clearly illustrate that
process interactions limit the performance of decentralised control strategies. Also, simulation studies provided by Ramachandran and Chaudhury (2012) and Singh et al. (2012)
demonstrate the use of decentralised control for a single pharmaceutical unit operation and
an entire continuous pharmaceutical production line, respectively. The latter focuses on
continuous dry granulation using roller compaction technology. In this specific case, the
strong interaction between different variables results in an oscillatory response when tracking the targeted CQA setpoints. When confronted with such high degree of interactions,
valuable alternatives exist, for example, the application of interaction decoupling with the
help of a pre-compensator, optimal control using a linear quadratic regulator with state
estimation and H∞ robust control. To date, these more complex multivariable controllers
have not yet been reported in the framework of continuous OSD manufacturing.
Instead, most modern constrained multivariable controllers for the process industry are
based on receding horizon model predictive control (MPC). In a PAT context such a control
strategy is sometimes referred to as PAT-enabled model-based control (ABB, 2018). A vital
element in those algorithms is the inclusion of a detailed conceptualisation of the system’s
behaviour. The reason for this requirement is related to the fact that a computerised
system, instead of a process operator, needs to come up with the next best control action
while taking into account the underlying variable interactions, constraints and time delays.
In the field of process systems engineering, this knowledge is provided in the form of a
mathematical model. The model itself is used in real-time within the model predictive
control (MPC) software controller to predict the process output at future time instances
given a combination of the past and future control actions. By including this knowledge,
a set of optimal corrective actions can be calculated in real-time to ensure product quality
while under constant pressure of external disturbances. This concept also highlights the
greatest drawback of model predictive control, i.e. an appropriate mathematical model of
the process needs to be available. In practice developing such a model can be a laborious
exercise for non-experts.
MPC is not a single algorithm. Instead, it is a family of automatic process control algorithms. More specifically this framework is characterised by (i) the explicit real-time
application of a process model and (ii) the calculation of an optimal control action through
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minimisation of a cost function. Hence, all of the MPC algorithms share a common strategy: the future outputs ŷ(t + k | t), such as the drug product CQAs of a continuous
manufacturing line, are predicted over a determined horizon N called the prediction horizon. To this end, the process model is used in combination with the past values of the
inputs u(t), such as the CMAs and CPPs applied to the process, and outputs y(t) measured from the process combined with future control signals u(t + k | t). This set of future
control signals is calculated using a cost function based on the setpoint signal ysp (t) and a
numeric optimiser that aims at future process outputs close to the setpoint. While control
actions for more than one step in the future are being calculated, only the action relevant
to the current sample instance is applied to the process at each sampling instance. When
the next measurement y(t + 1) is available, the whole procedure is repeated. Hence, the
concept of a receding horizon (Camacho and Bordons, 2007) (Figure 3.7).
From the control systems hierarchy it is clear that the supervisory layer acts upon the
regulatory layer. As mentioned before, the output of the supervisory layer is directly fed
to the regulatory layer as new setpoints. An alternative approach, which is of particular
interest for automatic level 1 supervision, is to merge the regulatory and supervisory layers
so that the latter is directly manipulating the process parameters. While this may seem as
a more straightforward approach, in most cases it is not the best choice. Difficulties in the
identification and tuning are introduced, while the overall system becomes more sensitive
to errors and failures. Hence, such a control strategy is avoided at the lowest control level
(Skogestad, 2004).
Table 3.1 gives an overview of different simulation studies that successfully demonstrate
the use of an MPC strategy in the context of continuous OSD manufacturing. Although
the starting point of these studies is a detailed mechanistic model, the model used for
control action calculation is often reduced in complexity. Such models, typically linear in
the variables, can be derived from simulation data or obtained through model linearisation
around a nominal steady-state operating point. To investigate the performance of the
proposed control strategies in Table 3.1, the process is simulated using the mechanistic
model, while the control algorithms use the linearised version of this model.
Successfully simulating the closed-loop behaviour of a continuous manufacturing line proves
to be very useful to determine the overall performance of a process controller beforehand.
Indeed, tedious physical experiments are excluded, while the boundaries of the control
system in terms of robustness under uncertainty are easily explored. However, reproducing
these results on the actual application is another challenge one should not take for granted.

Roller compaction unit

Continuous direct
compression line

Film drying unit

Continuous API purification
and processing line

Hsu et al. (2010)

Singh et al. (2013)

Mesbah et al. (2014)

Sen et al. (2014)

Su et al. (2017)

Feeding blending unit

Feeding blending unit
Integrated continuous
Mesbah et al. (2017)
manufacturing line
Haas et al. (2017)
Tablet press unit

Tumbler mixer unit

Valencia (2005)

Rehrl et al. (2016)

Unit operation /
Continuous line

Author

Crystallisation temperature, saturation
concentration, drying gas temperature,
API composition, mass holdup
Outlet mass flow rate
API dosage, production rate,
impurity content
Tablet weight, tablet hardness
API composition, API relative standard
deviation, powder flowrate

Film thickness, Solvent weight fraction

Outlet mass flow rate,
mixing variance
Ribbon density, roll gap
Total flow rate, blend RSD, API composition,
API-excipient ratio, tablet weight,
tablet dissolution

Controlled variables

Constrained linear MPC
Quadratic dynamic
matrix control
Unspecified
Extended prediction
self-adaptive control

State space model

Output-error models

Finite step response models

state space model

First order plus dead-time transfer
function models

Non-linear mechanistic model

Constrained non-linear
MPC
Unspecified

Time varying output-error models

Finite step response models

Transfer function models

Control model

Unspecified

Dynamic matrix control

Constrained linear MPC

MPC algorithm

Table 3.1: MPC simulation studies in the field of continuous OSD manufacturing.
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Figure 3.7: Illustration of the receding horizon concept used in model predictive control.

During commercial manufacturing, not all variables of interest can be monitored in realtime. Instrumentation for real-time CPP and CQA analysis might be non-existing, bulky or
too costly. Sometimes software problems can also prevent the integration of measurement
systems, e.g. appropriate drivers that link hardware and third-party software products may
not be readily available. Most industrial instrumentation also requires proper interfacing in
the process stream to obtain qualitative measurements (Andersson et al., 2005). This last
argument is especially valid for bulk solids manufacturing that is characterised by sticking,
fouling and flow related issues. Custom interfacing solutions that do not disturb the process
itself, are a necessity (Scheibelhofer et al., 2014; Fonteyne et al., 2016; Lothiana et al.,
2018). Despite having a functioning interface, coloured noise might affect the measurement
to a greater extent in case of the real-time application. Indeed, mathematical models in
the form of a soft sensor can be valid solutions. However, these also require in-depth
understanding of the process behaviour that might not be available for some unit operations
of a continuous OSD manufacturing line.
The measurement system is not the only hurdle when it comes to implementing an APC
solution. The low level behaviour of process actuators can also result in erroneous APC
solutions. Indeed, actuator dynamics are often neglected in mechanistic simulation studies
because the dynamics are unknown or assumed to be insignificant. In addition, the IT
infrastructure used to orchestrate APC is another important aspect. The presence of
latency and jitter in the data communication might result in serious discrepancies between
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a simulation and a real-world validation experiment. Hence, these practicalities should be
accounted for when aiming for a successful implementation of level 1 supervisory control.
Despite these challenges, both academic and industrial case studies have reported the
successful use of MPC for automatic control of CQAs relevant to continuous OSD manufacturing (Table 3.2). Ultimately, the objective is to operate and evaluate the continuous
process completely automatic, i.e. a production plant on auto pilot.
The work presented in Table 3.2 clearly exemplifies the importance of a level 1 supervisory
control strategy, i.e. mitigate process disturbances in real-time by actively adapting the
CPPs. Despite having such an automatic control system for a continuous manufacturing
line, it is still possible that a severe process disturbance propagates through the entire
manufacturing line to cause OOS final drug products. While such a scenario for a traditional batch manufacturing process would result in the loss of an entire batch, continuous
manufacturing demands for another approach. In this respect, the concept of a residence
time distribution (RTD) is well investigated (Gao et al., 2012). The RTD is a fundamental
descriptor of a system as it gives distinct clues on both the average time materials spent
inside the system and the type of axial mixing occurring within a system, i.e. dispersion
(Fogler, 2016). Hence, identification of the multiple RTDs related to the unit operations
and mechanical connections allows for accurate tracking of materials propagating in a continuous manufacturing line. Different studies in the field of continuous manufacturing have
reported the use of RTDs to predict the impact of process disturbances and variations. Gao
et al. (2011) and Tian et al. (2017) present experimental results obtained for continuous
powder mixing. The work of Engisch and Muzzio (2016) demonstrates the use of RTD
modelling for a CDC line using simulations, whereas Van Snick et al. (2017a) and Van
Snick et al. (2017b) present experimental findings for a similar manufacturing route but
for sustained release and low-dose tablets, respectively. With respect to continuous granulation, an in-depth study is given by Kumar et al. (2014) for a twin-screw wet granulation
unit operation, while Mangal and Kleinebudde (2017) and Kruisz et al. (2017) report the
application of RTD modelling for dry granulation units. Besides product tracking and scenario analysis for different disturbances, RTD models can also be used in the definition of a
diversion strategy. In this way, OOS intermediates and end products can automatically be
rejected, hence ensuring that only drug products which are conform to specifications arrive
at the patient. It is expected that a diversion strategy is especially important during startup and shut-down phases of a continuous manufacturing line (Myerson et al., 2015). Figure
3.8 depicts a CDC line with a built-in diversion apparatus (Rehbaum and Gross-Weege,
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Controlled variables

MPC algorithm

Unspecified

Control model

Table 3.2: MPC experimental validation studies in the field of continuous OSD manufacturing.
Author

Unspecified

API content uniformity

Unspecified

First and second order plus dead-time transfer
Unspecified
function models Regressed using step
response experiments.
First and second order plus dead-time transfer
Unspecified
function models. Regressed using step response experiments.
First order plus dead-time transfer functions
Unspecified
and a nonlinear polynomial. Regressed
using step response experiments.
Extended Prediction Autoregressive-Moving Average
Self-Adaptive Control with External Input
First and second order plus dead-time transfer
function models. Regressed using step response experiments.

Hold-up mass, production rate,
API content uniformity

Continuous direct
compression line

Tablet weight, pre- and main
compression force

Unit operation /
Continuous line
Continuous direct
compression line

Singh et al. (2014b)
Tablet press unit

Blackwood et al. (2013)

Bhaskar et al. (2017)

API composition granules

L/S ratio granules

Tablet weight, pre- and main
compression force

Twin-screw wet
granulation unit
Feeding and twin-screw
wet granulation unit

Nunes de Barros et al. (2017) Tablet press unit
Nicolaï et al. (2018)
Pereira et al. (2018)
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2016). Note that in case of material diversion, a lack of materials might be introduced in
the downstream unit operations. An adequate strategy that is either based on sufficiently
large material buffers or a dynamic control system that balances the mass flow rate across
the unit operations, is an essential component of a continuous manufacturing line with
intermittent material diversion.

Figure 3.8: QbCon® CDC line with built-in diversion apparatus between
continuous blender and tablet press. Left: Schematic. Right: Photograph
(Rehbaum and Gross-Weege, 2016).

3.4.3.4

Systematic frameworks for supervisory control implementation

To date, an off-the-shelf APC software and hardware solution, which specifically targets
the continuous solid dosage industry, is not yet commercially available. However, a few
systematic approaches to process control design and implementation are proposed in literature (Markl et al., 2013; Singh et al., 2014c; Su et al., 2017). These studies elaborate on
in-depth findings for the practical realisation of supervisory monitoring and control using
multiple software and hardware solutions.
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A key element in such realisations is a distributed plant-wide information system for advanced control purposes. Other than the process automation system, it captures only the
relevant measurement data provided by univariate sensors and multivariate analysers. But
at the same time, such a system should allow for complex mathematical calculations, supervisory monitoring and control as well as regulatory compliant data storage and reporting.
In a PAT context, this system is referred to as a PAT data management platform or suite
(Rehbaum, 2017). In fact, such a platform adds an additional IT layer to the automation
architecture as it mainly consists of a computer network and accompanying software that
shares and stores PAT-relevant data over its various nodes with the aim of enhancing process supervision. Commercial PAT data management platforms are available from different
vendors, e.g. Siemens SIPAT, Optimal synTQ, ABB ADI and xPAT, Perceptive Engineering PharmaMV, OSIsoft PI System, Sartorius BioPAT MFCS and Symbion Systems Inc.
Symbion DX and RX, Innopharma SmartFBx, Glatt View. While some of these software
products can be applied to a wide range of pharmaceutical manufacturing processes and
related instrumentation, others are tailored for specific applications. It is important that
the PAT data management platform is capable of interacting with different computerised
systems and third-party software applications. In this way, all relevant measurement data
can be obtained (e.g. univariate process sensors and multivariate instrumentation) while at
the same time allowing for more elaborate data analysis (e.g. multivariate regression using
a calculation engine). Clearly, standardised communication protocols are proven to be crucial in such a context. For example, the object linking and embedding for process control
data access and unified architecture protocols (OPC DA & OPC UA) are extensively used
to facilitate the implementation of machine-to-machine communication.
3.4.4

Optimisation level

As illustrated and discussed in the previous section, improved supervisory control offers a
lot of potential to safeguard drug product quality for continuous pharmaceutical manufacturing. However, when operating a manufacturing line or production process, optimising
its performance on a dynamic basis is as important. Process performance encompasses
different objectives such as profitability, efficiency, variability, capacity and sustainability,
to name a few. For example, guaranteeing a profitable process is achieved by evaluating
different economic aspects of the process such as the time-varying market demand, energy
consumption, raw material prices, utility prices and final product prices on a frequent basis.
Such aspects range from minute-based (e.g. energy markets) to much slower characteristics (e.g. inventories) that only vary over the course of several days or weeks. To obtain
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maximum performance, process control can also offer solutions by steering the manufacturing process toward a performance optimum, given a set of constraints and market-defined
economic considerations. Again different approaches exist to do so.
Initial work in the optimisation field predominantly focused on the application of a hierarchically layered optimisation strategy. Such an approach is characterised by an upper
optimisation layer, i.e. the real-time optimisation (RTO) layer, which establishes optimal
operational points, i.e. setpoints or steady states for the CPPs and/or CQAs, for individual process units or an entire plant. This is done with the help of real-time updated
steady-state process models while taking into account the different aspects defined under
the process performance definition. Next, the operating points suggested with the economic optimiser are imposed with the help of the underlying advanced controller, e.g. a
model predictive controller, to maintain the process outputs at their respective setpoints.
Hence, a cascade of information is passed on from the optimisation layer to the supervisory
layer from which it could be sent to the underlying regulatory control layer that is in direct
control of the low level processes that make up a process plant (Figure 3.9).
For batch manufacturing, numerous studies have proven to increase the economic feasibility
for different applications in a broad range of industrial sectors. An example relevant to the
pharmaceutical drug product industry is reported in the study of Gagnon et al. (2017).
This work demonstrates the use of process control to minimise the energy consumption
during batch fluidised bed drying. With respect to continuous manufacturing, a simulation
example is given by Singh et al. (2015) for a continuous direct compaction line. Here, a
combination of model predictive control (MPC) and moving-horizon real-time optimisation
(MH-RTO) was proposed. For this particular case, it could be shown that the MH-RTO
strategy has the potential to increase revenue and profit by more than 10% when adapting
the production rate, i.e. material flow rate according to market demands.
Over the last decade, there has been a tendency to include economic objectives directly in
the supervisory controller itself. In doing so, process operation becomes even more flexible
to highly dynamic market-driven operations that is not possible with a steady-state RTO
approach. For example, several economic formulations of MPC (E-MPC) and nonlinear
MPC (E-NMPC) have been reported (Ellis et al., 2014) (Figure 3.9). A common thread is
the fact that such controllers integrate the economic cost function and constraints of the
RTO layer as an additional soft constraint to the cost function of the MPC (Godoy et al.,
2016). In fact the implementation strategy of E-MPC is very similar to the one of MPC.
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Figure 3.9: Visualisation of two different approaches for process control at
the optimisation level. Left: MPC with RTO. Right: E-MPC. Image modified
from Petersen et al. (2017).

To date, E-MPC example studies have not yet been reported in the field of continuous
OSD manufacturing.
3.4.5

Management level

Traditionally, information related to the process economic performance was rarely shared
with the people who were actually operating the process. The other way around was
also the case, i.e. insignificant diagnostics, alarms and failures were not reported to the
enterprise management. Moreover, reporting performance came with significant delays due
to the weekly or monthly nature of the financial system. Today, such a business approach
is unacceptable. Managing a manufacturing process is much more real-time. Therefore,
business intelligence must be just as dynamic.
The evolution of information systems and industrial automation have made huge amounts
of data available for analysis that could improve the overall process performance. Providing
the proper information to everyone in the organisation is today’s challenge (Hale and
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Martin, 2009). Commercial software packages exist to bridge the gap between management
and operations. For example, real-time performance measures can be used to calculate key
performance indices (KPIs) directly from process sensors and analysers; manufacturing
execution systems (MES) schedule production orders while keeping track of material and
energy balances; enterprise resource planning (ERP) keeps track of all resources within an
enterprise (e.g. finances, staff, raw materials, finished products, customers etc.). A more
elaborate overview can be found elsewhere (Grossmann, 2005; Kletti, 2007).
With the advent of industry 4.0, different digital technologies are currently being introduced to facilitate operations at the management level (Internet of Things, Industrial
Internet, Cloud based Manufacturing, etc.). In fact, the objectives of a smart pharmaceutical factory and those of continuous pharmaceutical manufacturing go hand in hand. For
example, continuous manufacturing lines can enable a more demand-driven, near real-time
supply chain of products, with substantial reductions in product inventories. Moreover,
personalised medicines could become reality through the use of flexible continuous production systems. Also product development times and waste generation are significantly
reduced when effectively implemented. As such, there are some exciting times ahead for
the pharmaceutical manufacturing industry.

PART II
BACKGROUND

CHAPTER 4
Mathematical fundamentals of process
monitoring, identification and control

This chapter presents the different mathematical techniques used throughout this dissertation. Although a plethora of modelling paradigms exist, only a very specific class will
be applied in this dissertation. In a first part, static latent variable models originating
from the field of multivariate data analysis will be discussed for the purpose of process
monitoring. More specifically, principal component analysis and partial least squares analysis will be considered. Such models are extensively used in the process industries for
supervisory monitoring and diagnosis. At the same time these are also very useful for the
analysis of spectral data obtained from real-time process analysers. In the second part
of this chapter, dynamic input-output models are introduced to describe the systems and
signals encountered in modern industrial process control applications. Hereto, system identification theory using the prediction error methods will be covered to extract empirical
input-output models solely from measurement data. The final part of this chapter covers
the concepts of proportional-integral-derivative and model predictive control in detail.

4.1

Multivariate data analysis for process monitoring

Multivariate data analysis (MVDA) can loosely be defined as the simultaneous investigation
of many variables in order to understand their relationships. Because of the multivariate
nature of the data it does not suffice to just visualise the data in order to draw conclusions.
Rather, different multivariable data analysis methods may be required to reveal the information contained in the data. This is especially true for industrial data sets obtained from
multiple process measurements. This is because such data sets are often large in terms of
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the number of observations as well as the number of variables. At the same time a lot of
information redundancy is contained in industrial data sets, resulting in highly correlated
variables.
Different MVDA methods exist. Depending on their application, the methods can be classified into three main areas which are subdivided themselves (Figure 4.1). Exploratory data
analysis, sometimes also referred to as data mining, attempts to find the hidden structures
such as groups and patterns in the data. A distinction is made between clustering and latent variable modelling. The former aims at grouping observations that are similar to each
other, whereas latent variable modelling aims at reducing the variability of the data using
only a limited number of explanatory variables. A prime example of an exploratory data
analysis method is principal component analysis (PCA). In contrast, regression analysis
can be used to predict a response from data. As such, it uses data of both independent
explanatory variables and dependent response variables. Examples of regression analysis
are multivariate linear regression (MLR), principal component regression (PCR) and partial least squares (PLS) regression. A last area of MVDA is based on data classification.
Here the data is separated into one or more classes based on distinctive features found in
each observation. While the aim is similar to clustering, classification uses data with class
labels to understand and reproduce the hidden structures found in the data. Examples are
soft independent modelling of class analogy (SIMCA), partial least squares discriminant
analysis (PLS-DA) and support vector machine (SVM) classification.
Two multivariate data analysis methods will be discussed in more detail in this section
(i) principal component analysis and (ii) partial least squares regression. These methods
are extensively used throughout this dissertation because of their wide applicability with
excellent results. Both of them are based on the projection of observations from the

Figure 4.1: Overview of the different multivariate data analysis methods according to Swarbrick (2012).
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original variable space to a space described by a limited number of latent variables, known
as the latent space or subspace. Because these methods are applied in the context of
pharmaceutical process diagnosis and process analyser calibration, the term chemometrics
is often used. While the underlying mathematics is the same across different fields of
application, the interpretation and the subsequent use of the results is specific to the field of
chemometrics. According to Davies (2012), chemometrics adds value to statistical analysis
by bringing in knowledge which statisticians lack. Examples are analytic chemistry, process
technology, chemical engineering, material sciences etc.
In the following section, a brief introduction to latent variable modelling is given in order
to provide the necessary background to the methods used in the other chapters of this
dissertation. For more rigorous mathematical treatments of this topic, the reader is referred
to the work of Miller (2010), Eriksson et al. (2013) and Dunn (2018).
4.1.1

Principal component analysis

PCA is a well-established data mining technique used to express the information contained
in a single data block of multiple correlated variables by means of a smaller number of
variables, known as the principal components. As such, PCA is capable of converting
data-rich yet information-poor data sets into new data sets for which the information-todata ratio is higher. Because of its dimensionality reduction capabilities, PCA is often
used for process monitoring and diagnosis, as well as spectroscopic data analysis.
Consider a two dimensional data set expressed as the matrix X which contains N observations over K variables, respectively along the rows and columns (N × K).


x1,1 x1,2

 x2,1 x2,2
 .
..
 ..
.

X=
 xi,1 xi,2

..
 ..
.
 .
xN,1 xN,2

· · · x1,k
· · · x2,k
..
.
···

xi,k
..
.

· · · xN,k


· · · x1,K

· · · x2,K 
.. 
. 


· · · xi,K 

.. 
. 
· · · xN,K

(4.1)

Relying solely on univariate visual analysis, it would require at minimum K(K − 1)/2 scatter plots to visualise the relationship between all the variables contained in X. Therefore
the need for more effective techniques which are able to summarise the information in the
data set is highly desired. In what follows it is assumed that the data contained in the
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columns of X are centred around their mean and scaled to unit variance. This ensures that
any offset in the data is removed while at the same time allowing for direct comparison of
variables with different measurement units.
A basic concept from linear algebra is that any observation vector xi = [xi,1 xi,2 . . . xi,K ]T
can be projected orthogonally onto a new direction vector or loading p1 = [p1,1 p2,1 . . . pK,1 ]T .
If this new direction vector is defined in such a way that its length ||p1 || = 1 then the result
is given by
ti,1 = xTi p1

(4.2)

Where ti,1 is the score value that denotes a scaling factor or coordinate along the loading
p1 . Note that Equation 4.2 represents a linear combination in which each of the K terms
contributes to its score.
ti,1 = xi,1 p1,1 + xi,2 p2,1 + . . . + xi,K pK,1

(4.3)

A second direction vector p2 = [p1,2 p2,2 . . . pK,2 ]T can be found that is orthogonal to
p1 . In the same way as Equation 4.2, the score of the ith observation on p2 can be
calculated. This manipulation of the original observation can be generalised for the case
of A orthonormal loadings.
tTi = xTi P

(4.4)

When considering the entire data set X, the scores of all observations can be calculated as
T = XP

(4.5)

Equation 4.5 represents a linear transformation of the data using A orthogonal vectors
contained in the matrix P. This can also be interpreted as a change of basis vectors used
to describe the observations defined by the original variable space. The question that
PCA tries to answer is how to choose the new basis vectors, defined by the orthonormal
matrix P, in order to maximise the variance of the scores tj along the consecutive loadings.
The search for this new coordinate system defined by the principal components can thus
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be formulated as an optimisation problem. For the first principal component p1 this is
formulated as


max tT1 t1 = max p1 T XT Xp1 = max φ
p1

p1

s.t. p1 p1 = 1
T

p1

(4.6)

Note that the hard constraint on the length of the loadings can explicitly be included in
the objective function using a scalar Langrange multiplier denoted as λ1 . Doing this allows
∂φ
= 0.
for the calculation of an analytic closed-form expression of ∂p
1
XT Xp1 = λ1 p1

(4.7)

Equation 4.7 reveals that the first loading vector or principal component p1 obtained with
PCA is in fact an eigenvector of the covariance matrix XT X. Moreover, it can be shown
that the corresponding eigenvalue λ1 equals the variance of the scores tT1 t1 associated with
this first principal component.
In the same way, the second loading or principal component p2 can be calculated. This
time, the additional orthogonality constraint p1 T p2 = 0 should be taken into account.
Again it can be shown that the result is contained in the eigenvalue eigenvector problem
of the covariance matrix, i.e. XT Xp2 = λ2 p2 . Repeating this procedure for multiple
principal components allows us to generalise the result.
• The principal components of the data are determined by the eigenvectors of the
covariance matrix XT X.
• The eigenvalues λ are proportional with the variance contained in the scores of the
associated principal components. Hence, the principal component with the largest
eigenvalue is pointing in the direction of maximum variance in X.
• In case of nonzero eigenvalues, the maximum number of principal components that
can be computed is the minimum of the number of observations and the number of
variables, i.e. min(N, K).
• The sum of all eigenvalues adds up to the sum of the diagonal elements of the covariance matrix, i.e. it represents the total variance contained in the X block. Using
this, the relative variance captured by the ath principal component can be calculated.
Moreover, the relative cumulative variance captured by the first A components can

66

4.1 MULTIVARIATE DATA ANALYSIS FOR PROCESS MONITORING

be calculated which is a good starting point for selecting the maximum number of
components needed to obtain a low rank approximation of the data set X.
Interestingly, Equation 4.5 which was used for the analysis of the observations contained in
X can also be used in the inverse way in order to provide an estimate of each observation.
This is a powerful concept as it allows us to determine the predictive power of the PCA
model.
X̂ = TPT

(4.8)

Note that the loadings matrix P is an orthogonal matrix meaning that P−1 = PT . Equation
4.8 indicates that for a single observation xi the estimate is completely determined by the
scores ti of the associated A principal components that are taken into account.
x̂Ti,A = tTi,A PT

(4.9)

If the number of principal components is maximised, the exact value of the observation
can be reconstructed. As such, this allows for the calculation of a residuals between the
estimated and the actual observation when only A principal components are present in the
model.
eTi,A = xTi − x̂Ti,A

(4.10)

To quantify the distance of an observation to its estimated value the length of this residual
vector is calculated.
SPEi,A =

q
eTi,A ei,A

(4.11)

This is commonly referred to as the squared prediction error (SPE) of the ith observation
using A components. In some software packages the SPE is scaled by the degrees of freedom
of the model to define the related metric DModX, distance to the model for X. Clearly,
the SPE is an interesting metric in the context of process diagnosis and fault detection as
it measures the orthogonal distance of the ith observation to the latent space described by
the model. Moreover, using Equation 4.10 the contribution of the residuals to the SPE
can be traced back for each variable.
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Besides the residuals of a single observation estimated by the PCA model, the residuals of
the entire estimated X block can also be calculated. This can subsequently be used for the
calculation of the R2X determination coefficient which assesses the total amount of variance
in the data explained by the model.
PN PK
R =1−
2

j=1 (xi,j
PN PK
i=1
j=1

i=1

− x̂i,j )2
x2i,j

=1−

var(E)
var(X)

(4.12)

A final diagnostic metric often used in the context of PCA is the Hotteling’s T 2 statistic.
For a PCA model with A principal components it can be calculated as a Mahalanobis
distance metric. With s2a the variance along the ath component of the model.
Ti2

=


A 
X
ti,a 2
a=1

sa

(4.13)

The T 2 statistic represents a scalar value that is indicative of how far the estimated observation is located from the centre or average condition of the model. The contribution of
each variable to the value of the T 2 statistic can be traced back to reveal which variables
have substantial influence on its value. It can be shown that for data sampled from a multivariate normal distribution, the T 2 statistic follows a F-distribution with N and N − K
degrees of freedom. This allows for the calculation of a 95 % confidence interval on the
score values calculated by the model.
Note that efficient computation of the principal components of a data set X is mostly done
using either an iterative method, known as the nonlinear iterative partial least-squares
(NIPALS) algorithm, or through singular value decomposition. Within each iteration of the
NIPALS algorithm, a least squares regression problem is solved to calculate the loading and
scores of the ath principal component. Whenever these converge, iteration is halted and the
result is stored as the ath column in the loadings matrix P and the scores matrix T. Next,
the X block is deflated to remove the variability captured by the newly obtained principal
component Xa+1 = Xa − ta pTa . This process of iteration and deflation is repeated until the
necessary number of components are calculated. The true power of the NIPALS algorithm
lies in the fact that it easily handles missing data while at the same time convergence is
guaranteed.
The number of components to consider for the PCA can be determined using leave-one-out
cross-validation. The idea is to first divide the data set into a predefined number of groups
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after which a PCA model with A components is derived for each data set generated by
leaving one of the groups out. Using the newly defined models, estimates of the observations
in the group of data not considered in the aforementioned modelling step can be calculated.
Next, residuals and a determination coefficient can be calculated as in Equation 4.12. For
cross-validation this coefficient is referred to as Q2A in which the subscript A indicates
the number of components used to model each subset of data. The meaning of Q2A is
slightly different from R2 as it indicates the variance explained by the model with respect
to the group of data left out of the modelling step. This makes that Q2A ≤ R2 . Moreover,
the value of Q2A will reach an optimum when adding more principal components to the
model. Adding additional components beyond this optimum will result in describing nonsystematic information contained in the data set which is not relevant to describe the
observations found in the leave-one-out groups. As such, an objective way of determining
the number of principal components is achieved.
4.1.2

Partial least squares regression

PLS, also known as projection to latent structures, is a two block regression modelling
technique commonly used to relate a data set of regressors X to a multiple response variables Y using the latent space of both blocks. While the objective of PCA was to explain
the available variance in X using latent variables, the objective of PLS is to explain the
variance in the X and Y block while at the same time assuring maximal covariance of both
latent spaces. The relation of both blocks can be expressed in
X = TPT + E
Y = TQT + F
T = XW∗

(4.14)

With T the scores matrix modelled as linear combinations of the original data, P and Q
the loading matrices of X and Y respectively, E and F the residual matrices not captured
by the PLS model and W∗ the weight matrix.
Just like Equation 4.6 for PCA, the PLS transformation can be translated into an optimisation problem with solution of an eigenvector eigenvalue problem, this time of the joint
covariance matrix XT YYT X. To solve this problem the NIPALS algorithm can again be
used together with a cross-validation strategy to determine the required number of com-
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ponents. Once the model is available, it can be rearranged to express a linear regression
problem.
Ŷ = TQT = XW∗ QT = XB̂

(4.15)

From Equation 4.14 it is clear that PLS offers three models in one which cannot only be
2
used for data regression in terms of RX
and RY2 but also for diagnosis using the SPE and
T 2 statistic. Another commonly encountered metric when dealing with predictive models
is the root-mean-square error (RMSE), which is defined as
s
RMSE =

PN

i=1 (yi

N

− ŷi )2

(4.16)

Depending on the objective, a distinction can be made between the root-mean-square error
of calibration (RMSEC) and root-mean-square error of prediction (RMSEP). Obviously,
the former is applied in the model calibration step, whereas the latter is calculated for a
prediction or validation set.
4.1.3

Spectral data preprocessing

One way of improving the performance of a multivariable model is through preprocessing
of the data set. For example, in the previous sections it was assumed that the X block was
mean centred and scaled to unit variance. Other commonly used preprocessing methods
are outlier removal and variable transformation. For the specific case of multivariate data
obtained from diffuse spectroscopic measurements, such as those obtained in near-infrared
(NIR) reflectance and transmittance spectroscopy, additional preprocessing techniques exist to remove the effects of sample presentation and light scatter (Næs et al., 2004). The
objective of these methods is to remove as much as possible of the non-systematic variance
due to physical variations in the spectroscopic measurements in order to increase latent
variable model interpretation, calibration and prediction performance for the chemical information. Typically, this involves removing additive and multiplicative scatter effects of
spectroscopic data. It should thus be noted that preprocessing of spectral data is likely
the most important step when dealing with spectral measurements.
For NIR spectroscopy a plethora of preprocessing methods exists to remove light scattering effects induced by solid samples. A distinction is typically made between spectral
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derivatives and scatter-correction methods (Rinnan et al., 2009). In the former, first or
second order derivatives along the wavelengths can be used to remove both additive and
multiplicative scattering effects. Polynomial smoothing can be used in order to suppress
the signal-to-noise ratio (SNR) while calculating these derivatives. For example, SavitzkyGolay (SG) smoothing uses a polynomial of a predefined degree to fit an observation at
the centerpoint of a symmetric window. The outcome is easily calculated by considering
the smoothing and derivative problem as a linear finite impulse response (FIR) filter of
which the coefficients gj can be calculated for each window length L and degree of polynomial used (Savitzky and Golay, 1964). The resulting spectral absorbances can thus be
calculated by convolving the SG filter with the original spectrum.
xSG
i,j

Z

K−(L+1)/2

xi,τ gj−τ dτ

=

(4.17)

(L+1)/2

Regarding the scatter-correction methods, multiplicative scatter correction (MSC) and
standard normal variate (SNV) correction are very often used in NIR calibration exercises.
Where MSC corrects the spectra using a reference or average spectrum xref (Equation
4.18), SNV corrects for the average µi and standard deviation σi of the spectral observation
itself (Equation 4.19).
xi = b0 + b1 xref + e
x i − b0
xMSC
=
i
b1
xSNV
=
i

4.2

xi − µi
σi

(4.18)

(4.19)

Systems and signals

Below, a brief introduction of the fundamental concepts in systems theory is given in order
to provide the necessary knowledge for the subsequent chapters of this dissertation. All
concepts dealt with in this section are well-described in various books on systems theory
and control. Specifically for this section, the reader can refer to the work of Ljung (1999),
Hsu (2013) and Oppenheim and Verghese (2017).
A system is defined as an abstract entity in which different input variables interact to
generate observable outputs. In an industrial context, the term process is commonly used
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to denote systems representing individual unit operations as well as entire manufacturing
plants. When studying such industrial processes, the main objective is not only to understand their past and current behaviour but also to make predictions on their future
behaviour. To express this in a quantitative way, mathematical models can be used. Let
u(t) and y(t) be the respective input signals and output signals of a system. The system
can be viewed as a transformation or mapping of u(t) into y(t). Mathematically this is
expressed as
y(t) = T{u(t)}

(4.20)

with T a mathematical operator which represents a mathematical rule. Ideally this rule
describes the behaviour of the system as good as possible. Note that in most applications,
the input and output are mostly functions of one or more independent variables. In case
of dynamic systems analysis, the time t is chosen to be the single independent variable.
Any modelling exercise starts by defining the system together with its boundaries for
which the model should apply. Indeed, industrial, social, environmental and economic
systems come with different properties. Moreover, developing an abstraction of a system
in terms of a mathematical model typically requires various simplifying assumptions. This
explains why different categories of models exist (Figure 4.2). A clear definition of the
intended model objectives helps in defining the required model attributes. A list of some
fundamental model attributes used to describe systems is provided below.
Dynamic vs. Static - If the output of a system depends on the history of the
system itself and its inputs, it is called a dynamic system. Sometimes also referred

Figure 4.2: Model classification based on system properties. Figure adapted
from Mikleš and Fikar (2007).
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to as a system with memory because its past will define its future. The aim of a
dynamic model is to describe the transient behaviour of such dynamic systems as
good as possible. A common way of describing dynamic systems is through the use
of differential or difference equations. In contrast to dynamic systems, there are also
systems that are only dependent on the current state of their inputs. These are
referred to as static or memoryless systems. For systems with very fast dynamic
behaviour, as compared to other systems or the rate of observation, the transient
dynamics can be neglected. As such the dynamic system can be approximated as a
static system for the observer. The static behaviour of a system is thus a special case
of a dynamic system.
SISO vs. MIMO - Systems with only one input and output are termed singleinput single-output (SISO) systems. Systems with more than one input and output
are termed multiple-input multiple-output (MIMO) systems (Equation 4.21). SISO
modelling frameworks can usually be generalised for MIMO systems.

y1 (t) = T{u1 (t), . . . , uN (t)}



..
.



yM (t) = T{u1 (t), . . . , uN (t)}

(4.21)

Parametric vs. Non-parametric - Models that assume a fixed model structure
are referred to as parametric models. The aim of the modeller is to determine the
parameters in this structure using parameter estimation techniques in order to obtain a valid representation of the system. Non-parametric models assume that the
observed system behaviour cannot be captured by a finite set of parameters in a fixed
structure.
Lumped parameter vs. distributed parameter - Systems that are distributed
in multiple dimensions can be modelled using distributed parameter or infinitedimensional models. Such models are usually described in terms of partial differential
equations with first order derivatives with respect to time and space, and higher order
derivatives with respect to space. Systems which are described in terms of a single
dimension such as time, and therefore neglecting heterogeneity in other dimensions,
are modelled using lumped parameter or finite dimensional models.
Deterministic vs. stochastic Deterministic models are those models that have
single valued inputs and outputs. This means that the underlying equations of the
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model are entirely determined, thereby neglecting uncertainties of the systems behaviour. This is usually not the case for most complex systems which come with
multiple sources of uncertainty. One way to handle these is by introducing the variables as statistical probability distributions.
Mechanistic vs. empirical Mechanistic models or white-box models are based on
theoretical beliefs such as mass, energy and momentum conservation laws. Such a
deductive approach is ideal for non-existing systems or those systems that are difficult
to study experimentally. On the other side of the spectrum are those models which are
solely derived from experimental input and output data. These models are obtained
in an inductive way. Hence their classification as empirical, black-box or inputoutput models. The combination of fundamental and empirical knowledge is known
as a hybrid model or grey-box model. In fact, many models for real processes are
grey-box models as they include a mixture of empirical and fundamental knowledge.
Linear vs. nonlinear Systems which obey to the principles of superposition are
known as linear in the variables. This means that (i) the output of a system to
a combination of different inputs is the same as the combination of outputs of the
system to each of the individual inputs, and (ii) scaling of the input applied to the
system results in scaling of the output of the system. Mathematically, linearity is
P
expressed by considering the superposed input signal u(t) = N
n=1 ci un (t), with cn
constant coefficients, and applying Equation 4.20

y(t) =

N
X

cn T{un (t)}

(4.22)

n=1

If this does not hold, the system is nonlinear in the variables. Most real systems are
complex and thus nonlinear, however they can typically be approximated by a linear
model within certain constraints. Note that rigorous mathematical frameworks exist
to derive and apply linear models for dynamic systems.
Time invariant vs. time varying A model is said to be time invariant if its
constituting parameters are constant over time. Mathematically this is expressed
by considering a system input which is a lagged version of the original signal, i.e.
u2 (t) = u1 (t + k) with k an arbitrary time delay.
y2 (t) = T{u2 (t)} = T{u1 (t + k)} = y1 (t + k)

(4.23)
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Time varying models are more complex given that the model parameters are changing
over time, and thus Equation 4.23 is not valid.
Continuous vs. discrete Continuous-time systems are defined for all time instances, whereas discrete-time models are only defined on certain discrete moments.
To denote a discrete-time system, the following mathematical notation is used throughout this dissertation.
y[k] = T{u[k]}

(4.24)

Continuous-time dynamic systems are typically described using differential equations,
while their discrete-time counterpart can be described using difference equations.
Note that discretisation of continuous time models is imperative when simulating a
system on a digital computer.
4.2.1

Input-output modelling

As indicated by their name, input-output models represent a class of models which are
completely derived from the information contained in the signals applied to the system
and the accompanying response of the system. The accuracy of the model is thus entirely
determined by the information-richness of the data used for the calibration. The focus in
this first section is on dynamic linear time-invariant (LTI) input-output models of a deterministic nature. As mentioned before, the behaviour of real systems is usually complicated
because of nonlinearities. However, within a sufficiently small operating range, a linear
model is an adequate approximation of reality. Hence, it explains why linear input-output
models are valuable starting points to describe more complex systems.
4.2.2
4.2.2.1

Continuous-time linear time-invariant systems
The impulse response and the convolution integral

One way of introducing dynamic LTI systems is through the definition of its impulse
response. That is the response of a system T to a unit impulse function δ(t), also referred
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to as the Dirac delta function. The unit impulse function is commonly thought of as a
real-valued function which is zero everywhere, except in the origin where it is infinite.
(
δ(t) =

0
∞

t 6= 0
t=0

and

Z

+∞

δ(t)dt = 1

(4.25)

−∞

However, this is a symbolic expression which does not exist from a Riemann integral point
of view. A more mathematically sound representation is
Z

+∞

x(t) δ(t)dt = x(0)

(4.26)

−∞

Where x(t) is any function continuous at t = 0. Similarly, the delayed or time-shifted delta
function δ(t − t0 ) is defined as
Z

+∞

x(t) δ(t − t0 )dt = x(t0 )

(4.27)

−∞

Taking into account that the unit impulse function is an even function, δ(−t) = δ(t), using
Equation 4.27 it can be shown that any continuous-time signal x(t) can be expressed as
an infinite sum of weighted delayed impulses.
Z

+∞

x(τ ) δ(t − τ )dτ

x(t) =

(4.28)

−∞

The right-hand side of this equation is omnipresent in systems theory and it denotes a
convolution integral or superposition integral. Symbolically this is sometimes expressed as
(x ∗ δ)(t). To come back to mathematical modelling of LTI systems, the impulse response
of a SISO system is defined as
g(t) = T{δ(t)}

(4.29)
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Indeed, this expression is just a special case of Equation 4.20 where u(t) = δ(t) and
y(t) = g(t). Using Equation 4.28 the response of a SISO LTI system to an arbitrary input
signal u(t) is given by
Z

+∞



y(t) = T{u(t)} = T
u(τ ) δ(t − τ )dτ
−∞
Z +∞
u(τ ) T{δ(t − τ )}dτ
=
−∞
Z +∞
Z +∞
u(t − τ ) g(τ ) dτ
u(τ ) g(t − τ ) dτ =
=

(4.30)

−∞

−∞

= (u ∗ g)(t)
Here, (u ∗ g)(t) denotes the convolution of the input signal u(t) with the impulse response
g(t). As such, the response of any LTI system can thus be interpreted as an infinite sum
of delayed impulse responses g(t − τ ) which are weighted by an arbitrary input signal u(t).
The latter means that the impulse response of an LTI system is a complete characterisation
of its dynamic behaviour. Note that for causal systems g(t) = 0 for t < 0, which indicates
that the output at present time depends only on the present and past values of the input.
This is the case for all real systems. Hence, a definite integral over the interval [0, t] is
obtained in Equation 4.30. Taking into account the existing model attributes as defined
in Section 4.2, one could state that the impulse response of a system is a non-parametric
model of an LTI system.
4.2.2.2

Eigenfunctions

Consider the complex exponential signal u(t) = est as an input for an LTI system, with
s ∈ C. The response of the system can thus be calculated using Equation 4.30.
Z

+∞

y(t) =

s(t−τ )

e
−∞

Z

+∞

g(τ ) dτ =

−sτ

e



g(τ ) dτ est = G(s) est

(4.31)

−∞

This illustrates that the output of an LTI system to a complex exponential is again a
complex exponential. As such the eigenfunctions of any LTI system are represented by the
broad class of complex exponential signals est . The associated eigenvalue is given by G(s)
which is a complex constant whose value is determined by the value of s. Using Euler’s
identity it can be shown that the trigoniometric sinusoidal functions form a special set
of complex signals. Applying a sinusoidal function of the form u(t) = A sin (ω0 t) as an
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input to an LTI system results in an output y(t) =|G(ω0 )| A sin (ω0 t + φ) which is again
a sinusoidal signal with the same frequency but with a scaled amplitude and phase shift.
This observation is at the basis of frequency domain systems analysis.
4.2.2.3

Definition of the Laplace transform

The bilateral Laplace transform of an arbitrary continuous-time signal x(t) is defined as
Z

+∞

X(s) =

x(t) e−st dt

(4.32)

−∞

With s a complex-valued variable. As such, G(s) in Equation 4.31 can be referred to as
the Laplace transform of the impulse response of a continuous-time LTI system in the
s-domain. Using the Laplace operator L{.} this is denoted as
(4.33)

G(s) = L{g(t)}
4.2.2.4

Transfer functions

An interesting property of this linear operator is related to its application to the timedomain convolution.
Z

+∞

(x1 ∗ x2 )(t) e−st dt
−∞
Z +∞ Z +∞
=
x1 (t − τ ) x2 (τ ) e−st dτ dt
−∞
−∞
Z +∞ Z +∞
=
x1 (v) x2 (τ ) e−s(v+τ ) dv dτ
−∞
−∞
Z +∞
Z +∞
−sv
=
x1 (v) e dv
x2 (τ ) e−sτ dτ

L{(x1 ∗ x2 )(t)} =

−∞

(4.34)

−∞

= X1 (s) X2 (s)
Applying this property to Equation 4.30 allows us to express the Laplace transformed
output Y (s) of an LTI system as a product of both the Laplace transformed input signal
U (s) and the Laplace transformed impulse response G(s).
Y (s) = G(s) U (s)

(4.35)

78

4.2 SYSTEMS AND SIGNALS

Because of this straightforward conversion, G(s) is also referred to as the transfer function
of a continuous-time LTI system. Moreover, for interconnected systems the overall impulse
response can easily be derived. For example, for two LTI systems in series it can be shown
that the response is represented as Y (s) = G1 (s) G2 (s) U (s). Other properties of this
operator together with some common transform pairs can be found in the aforementioned
standard references on systems theory.
4.2.2.5

Transfer function of a general differential equation

Consider a system that can be modelled by a parametric LTI differential equation of order
ny .
ny
X
i=0

n

u
di y(t) X
dj u(t)
ai
=
b
j
dti
dtj
j=0

(4.36)

To obtain the Laplace transformed representation of Equation 4.36, it is necessary to define
the differentiation property of the Laplace transform. Note that in this case the unilateral
Laplace transform is used as it is generally applicable for causal systems.


L

dx(t)
dt



+∞

dx(t) −st
e dt
dt
0
Z +∞
 −st
+∞
= e x(t) 0 −
x(t) (−s e−st ) dt
0
 −s ∞

= e
x(+∞) − e−s 0 x(0) + s X(s)
Z

=

(4.37)

= s X(s) − x(0)
Applying the Laplace transform to both sides of Equation 4.36 and by introducing the
differentiation property, the following standard representation can be derived for a system
that is initially at rest
Pnu

j=0
G(s) = Pny
i=0

b j sj
ai

si

=

B(s)
A(s)

(4.38)

This means that G(s) is a rational function in s for any ny th order LTI system that can be
described as a differential equation. For realisable systems, the number of zeros needs to
be less or equal than the number of poles, i.e. nu ≤ ny .
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Discrete-time linear time-invariant systems

Nowadays, modelling of of real-world systems is almost entirely performed on sampled
data. Therefore, a fist step in every input-output modelling study is to sample continuoustime signals which can subsequently be stored on a digital computer. Such an approach
requires assumptions on the inter sample behaviour of a discrete-time signal. One of them
is the zero-order hold assumption, which assumes that the original continuous-time signal is
constant between consecutive samples. The implications of this choice are provided below.
4.2.3.1

The impulse response and the convolution sum

Consider the response y(t) of a continuous-time LTI system observed at equidistant sampling instants k T, k = 1, 2, . . . with T the sampling period, and a zero-order hold on the
input signal u(t) = u(k T ), k T ≤ t < (k + 1) T .
Z

+∞

g(τ ) u(k T − τ ) dτ =

y(k T ) =
−∞

+∞ Z
X
l=−∞

lT

g(τ ) u(k T − τ ) dτ

(4.39)

(l−1) T

Let us define the following notation for an arbitrary discrete-time signal
x[k] = x(k T ),

k∈Z

(4.40)

The discrete-time response y[k] of an LTI sampled data system can thus be derived as

y[k] =

+∞ Z
X
l=−∞

=

+∞
X

lT


g(τ ) dτ u[k − l]

(l−1) T

(4.41)

g[l] u[k − l]

l=−∞

To compute the output signal of a sampled data system to an arbitrary input signal with
zero-order hold, it is sufficient to know the values of g[k]. Analogous to continuous-time
systems, g[k] is referred to as the impulse response of a discrete-time LTI system. The
right-hand side of Equation 4.41 is a discrete convolution sum which can be expressed as
(g ∗ u)[k]. In reality, systems are causal, meaning that g[k] = 0 for k < 0. In case of
sampled data systems, an additional minimum delay of one sample is needed to observe
the effect of an applied input g[k] = 0 for k = 0. This makes that the summation in
Equation 4.41 only needs to be evaluated for k starting at 1.
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Definition of the Z-transform

A valuable mathematical transformation often used in the analysis of discrete-time systems
is the Z-transform. Consider the continuous-time impulse train signal which consists of an
infinite amount of unit impulses that are equidistant in time, as defined by the sampling
period T .
+∞
X

XT =

(4.42)

δ(t − k T )

k=−∞

The output of an ideal sampler for an arbitrary continuous-time input signal x(t) is

∗

x (t) = x(t) XT = x(t)

+∞
X

+∞
X

δ(t − k T ) =

k=−∞

x(k T ) δ(t − k T )

(4.43)

k=−∞

Combining Equation 4.43 and Equation 4.32 results in the Laplace transform of the sampled
signal.

Z

∗

+∞

X (s) =

∗

−st

x (t) δ(t − k T ) e

Z

−∞

=

+∞
X
k=−∞

+∞

dt =

+∞
X

x[k] δ(t − k T ) e−st dt

−∞ k=−∞

Z

+∞

x[k]

δ(t − k T ) e−st dt =

−∞

+∞
X

(4.44)

x[k] e−sk T

k=−∞

Substituting z = esT , with z ∈ C, enables us to define the bilateral Z-transform of an
arbitrary discrete-time signal x[k].
X(z) =

+∞
X

x[k] z −k

(4.45)

k=−∞

The defining expression of the Z-transform is thus a power series of which the values of the
discrete-time signal x[k] are the coefficients of z −k . It is important to note that a sampled
and Z-transformed continuous-time signal depends on the chosen sampling period T of the
signal. Changing the sampling period will result in a different Z-transform.
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Eigenfunctions

Consider the complex exponential signal u[k] = z k as an input for an LTI system T
described by Equation 4.41. The response of the system can be calculated as
+∞
X

y[k] =

l=−∞

"
g[l] z k−l =

+∞
X

#
g[l] z −l z k = G(z)z k

(4.46)

l=−∞

The eigenfunctions of any discrete-time LTI system are thus represented by the broad class
of discrete-time complex exponential signals z k . The associated eigenvalue is given by G(z)
which is a complex constant whose value depends on z.
4.2.3.4

Transfer functions

Two specific properties of the Z-transform are discussed here, and other basic properties
can be found in the aforementioned standard works. Just like Equation 4.34 holds for
the Laplace transform in continuous-time, it can be shown that the Z-transform of two
convoluted discrete-time signals can be represented as

Z {(x1 ∗ x2 )[k]} = X1 (z) X2 (z)

(4.47)

Using this property the impulse response model expressed by Equation 4.41 can be reformulated.
Y (z) = G(z) U (z)

(4.48)

The function G(z) is known as the z-transfer function or pulse transfer function of a
sampled LTI system, much like G(s) for continuous-time systems.
4.2.3.5

Pulse transfer function of LTI systems described by difference equations

An important property of the Z-transform is related to the fact that the variable z −1 can
be regarded as a time delay or lag operator. To prove this, the time-domain backward shift
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operator q −1 is defined such that q −1 x[k] = x[k − 1], q −2 x[k] = x[k − 2], etc. Taking the
Z-transform of a shifted discrete-time signal x[k] leads to

−1

Z {(q x)[k]} =

+∞
X

q

−1

x[k]z

−k

=

k=−∞

=z

−1

+∞
X

x[k − 1] z −k

k=−∞

+∞
X

x[k − 1] z

−(k−1)

=z

−1

k=−∞

+∞
X

x[l] z −l

(4.49)

k=−∞

= z −1 X(z)
This is indeed a powerful result. Consider a system that can be described by a general
parametric linear constant-coefficient difference equation of the order ny
ny
X

ai y[k − i] =

i=0

nu
X

bj u[k − j]

(4.50)

j=0

Applying the time-shift property of the Z-transform results in
Pnu
G(z) =

bj
Pj=0
ny
i=0 ai

z −j
z −i

=

B(z)
A(z)

(4.51)

The latter means that any difference equation in y[k] and u[k] can thus be written as a
rational pulse transfer function and vice versa. The true value of this result will become
apparent in Section 4.2.6 on system identification.
4.2.4

Transfer functions of sampled data systems

Industrial systems or processes can be represented by continuous-time transfer functions.
However, when aiming for computer control a conversion from the continuous-time domain
to the discrete-time domain is required. In practice, this is done using a combination
of digital-to-analog (DAC) and analog-to-digital (ADC) converters (Figure 4.3). Because
both the input and output signals are sampled, it is possible to derive a z-domain pulse
transfer function in terms of continuous time transfer functions of the original system.
Consider that the actuator and sensor dynamics are ideal, meaning that uDAC (t) = u(t)
and ym (t) = y(t). Moreover, assume that the DAC is described by a zero-order hold,
with the continuous-time transfer function GZ (s) = 1/s (1 − e−sT ). Combining all of these
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Figure 4.3: Cascade of the different subsystems found in modern computer
controlled industrial processes.

subsystems, it follows that the continuous-time transfer function of the process, sensor and
ADC can be described as
GZP (s) = GP (s) GZ (s) = (1 − e−sT )

G(s)
s

(4.52)

Using the time shift property of the inverse Laplace transform, i.e. L−1 {e−sT X(s)} =
x(t − T ), the corresponding time-domain impulse response is derived
gZP (t) = hP (t) − hP (t − T )

(4.53)

With hP the step response of the process. In other words, the impulse response is the result
of the step response of the process minus the step response of the same process delayed
over exactly one sampling period. Assuming that the ADC can be modelled using an ideal
sampler with sampling period T , the result after sampling and Z-transforming becomes
GZP S (z) = (1 − z −1 )Z {h∗P (t)}


∗ 
G(s)
−1
−1
= (1 − z )Z L
s

(4.54)

The ∗ emphasises that the step response of the process should be sampled before Ztransformation. In practice this is not always evident. More straightforward approxi-
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mations are therefore suggested. The following difference methods are common practice in
the design of digital controllers and filters.
1
[y(k + T ) − y(k)]
T
1
ẏb (k) ≈ [y(k) − y(k − T )]
T
ẏf (k) + ẏb (k)
1
≈ [y(k + T ) − y(k − T )]
2
T
ẏf (k) ≈

(4.55)

Taking the Laplace transform of the derivative on the left-hand side and the Z-transform of
the difference on the right-hand side yields the following mappings between the s-domain
and the z-domain.
z−1
T
z−1
s→
zT
2 z−1
s→
T z+1
s→

(4.56)

The latter is referred to as Tustin’s rule or the bilinear transform. To convert a continuoustime transfer function to a discrete-time pulse transfer function it suffices to apply the
mappings provided in Equation 4.56. In case of the bilinear transform, an arbitrary transfer
function in the s-domain can be approximated in the z-domain as
G(z) = G(s)

s= T2

z−1
z+1

(4.57)

Again, note that the pulse transfer function is determined by the sampling period T .
Changing the sampling frequency of a continuous-time system will therefore also change
the resulting transfer function in the z-domain. Moreover, to simulate the closed-loop
behaviour of a sampled data system, the exact same sampling period is needed to obtain
the same controller performance given a set of control parameters. More details on discretetime systems and control can be found in the works of Åström and Wittenmark (2011)
and O’Dwyer (2012).
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Nonlinear time-invariant systems

Nonlinear systems are defined as systems that are not linear in the variables. This means
that any system that does not satisfy the superposition principle as defined in Equation
4.22, can be regarded as nonlinear. One could argue that this is a vague description
which does not help in defining the underlying mathematics of nonlinear systems. Therefore, classes of nonlinear models have been introduced to study some specific nonlinear
systems. Example modelling frameworks are Volterra series, nonlinear ARMAX models,
block-oriented models with the Wiener and Hammerstein models as specific cases, neural
networks, wavelet models, etc. (Schetzen, 1980; Billings, 2013; Bai and Giri, 2010; Janczak,
2005). Since the focus in this dissertation is on linear system identification, nonlinear models will not be elaborated in detail here. Only a brief introduction to the Volterra series
is given to show that the impulse response of an LTI system can easily be derived from
such series. Next, the approximation of nonlinear systems using spatial piecewise linear
models is described. This is also the approach that is addopted throughout the subsequent
chapters of this dissertation.
4.2.5.1

Volterra series

In order to model and analyse nonlinear systems different mathematical theories and methods exist. One of the most established is the Volterra theory which is also at the basis of
most modern nonlinear modelling frameworks. In fact, the Volterra theory is a generalisation of the LTI system theory discussed before. That is, for any nonlinear continuous
time-invariant system with bounded energy in the input signal u(t), it can be shown that
the systems response y(t) can be expressed as a Volterra series.
Z

+∞

y(t) =

g1 (τ1 ) u(t − τ1 ) dτ1
Z +∞
+
g2 (τ1 , τ2 ) u(t − τ1 ) u(t − τ2 ) dτ1 dτ2
−∞
−∞
Z +∞ Z +∞ Z +∞
+
g3 (τ1 , τ2 , τ3 ) u(t − τ1 ) u(t − τ2 ) u(t − τ3 ) dτ1 dτ2 dτ3
−∞
Z +∞

−∞

−∞

−∞

+ ...
Z +∞
Z
+
...
−∞

+∞

−∞

gn (τ1 , . . . , τn ) u(t − τ1 ) . . . u(t − τn ) dτ1 . . . dτn

(4.58)
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As such, a nonlinear system can be represented as an infinite sum of multidimensional
convolution integrals. Here, the functions gn (τ1 , . . . , τn ) are referred to as Volterra Kernels
of the system and are the equivalent of an n-dimensional impulse response which is characteristic for the nonlinear system. Another way of expressing this series is in terms of its
operator form, with Gn the nth order Volterra operator.
y(t) = G1 {u(t)} + G2 {u(t)} + G3 {u(t)} + . . . + Gn {u(t)}

(4.59)

Note that the first order Volterra operator is equivalent to the standard convolution integral
of LTI systems. Applying nonlinear Volterra series to model a linear system will thus
converge towards Equation 4.30. The Volterra series presented here is a power series with
memory. It can be shown that this series is in fact a generalisation of the Taylor series
used for static, memoryless, nonlinear systems.
y(t) = g1 u(t) + g2 u2 (t) + g3 u3 (t) + . . . + gn un (t)

(4.60)

Although Volterra series provide a powerful framework to describe nonlinear systems, its
practical applicability is limited. This is because of challenges related to (i) the correct
choice of the number of terms in the Volterra series, (ii) the use of non-Gaussian white
noise for identification and (iii) the need for an exponentially growing number of data points
when using higher order series. Because of these issues, more evident model structures are
typically investigated for nonlinear systems. An extensive treatment of Volterra series in
the context of systems theory is provided by Schetzen (1980).
4.2.5.2

Spatial piecewise linear models

One approach to deal with nonlinear systems is to use piecewise linear models in which a
series of locally linear models approximates the nonlinear behaviour in an operating point
of interest. The main benefit is that the rigorous mathematical framework applicable to
linear systems modelling can be used to describe and control these approximated systems.
However, as with any approximation technique, these models depend on the user-defined
assumptions about the nonlinear system.
The use of spatial piecewise linear models is one way to describe nonlinear models. Consider
a causal nonlinear system over a series of defined operating points p = 1, 2, . . . , m which
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cover the global space of operation. The spatial piecewise linear model in discrete-time
can be represented as
y[k] =

(p)
a0

+

ny
X
i=1

(p)

(p)
ai

y[k − i] +

nu
X

(p)

bj u[k − j]

(4.61)

j=1

(p)

With ai and bi the model parameters in the operating point p. As such, this model
represents the nonlinear system as a family of locally linear models similar to Equation
4.50, which are patched together over the entire operating space. More details on Spatial
piecewise linear models can be found in the work of Billings (2013).
4.2.6

Prediction error methods for system identification

System identification can be defined as the field of mathematical modelling for dynamic
systems on the basis of input and output data. It is empirical in nature since statistically
sound methods are used to define the input-output model, rather than physical conservation laws. The main advantage of a system identification approach is that it can be used
for complex systems of which limited prior knowledge is available. Moreover, the objective is approximation rather than complete understanding. For control applications this is
usually sufficient to develop and tune an adequate controller. A drawback of these identification methods is that they assume that the physical system is available for observation
and testing. As a consequence, these identification methods are useless for hypothetical
systems.
In the following section, some basic principles of time-domain system identification are
described. While different identification methods have been proposed throughout the last
five decades, this dissertation focuses on the prediction error framework which was formalised in the works of Söderström and Stoica (1989) and Ljung (1999). These methods
are ideally suited for LTI systems. For an introduction to the more general topic of system
identification, the reader is referred to the works of Keesman (2011) and Schoukens et al.
(2012).
A powerful concept in the field of system identification is that of prediction. That is, given
past and present observations can we estimate the future of a signal or system. Typically
this is performed in a real-time fashion where data is only available point-by-point. Note
that the concept of prediction is fundamentally different from smoothing (estimate the

88

4.2 SYSTEMS AND SIGNALS

present given observations of past and future) or filtering (estimate the true present using
observations of the past and present). In this dissertation only prediction will be considered.
Up to this point, all of the models used to describe dynamic systems were of a deterministic
nature. In reality this is unrealistic as there will always be signals beyond our control that
affect the system under study. That is why the use of an additive noise term as modelled
by a stochastic process has become widespread within the field of system identification.
An important feature of this kind of disturbance is the fact that its value is not known
beforehand and therefore it has to be estimated using past disturbance values. A discretetime LTI system with disturbance term can thus be written as
y[k] =

+∞
X

g[k] u[k − l] +

l=0

+∞
X

h[k] e[k − l]

(4.62)

l=0

E{e[k]} = 0
(
E{e[k]e[k − l]} =

λ,
0,

l=0
l 6= 0

(4.63)

With e[k] white noise and h[k] a colouring filter. In order to be useful, the disturbance
P
term should be stable +∞
l=0 |h[k]| < +∞. Moreover, both the plant and noise model are
assumed to be causal in the plant model g[0] = 0, and monic in the disturbance model
h[0] = 1. All are valid assumptions for real systems. Using the backward shift operator
q −1 introduced before, Equation 4.62 can be rewritten.
y[k] = G(q) u[k] + H(q) e[k] = G(q) u[k] + v[k]

(4.64)

Where both G(q) and H(q) are polynomials in q, and v[k] is merely a short way of denoting
the system disturbance.

G(q) =

+∞
X

g[k] q −l

l=1

H(q) =

+∞
X

(4.65)
h[k] q −l

l=1

Note that there is an analogy between the time-domain filter G(q) and the discrete-time
transfer function G(z). Although these representations are very similar, they are distinct in
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the treatment of the initial conditions of the system. Providing a clear distinction between
the two is beyond the scope of this work, but the interested reader can refer to Aljanaideh
and Bernstein (2018) for more mathematical insight.
An LTI model such as the one represented in Equation 4.64, is completely determined
by g[k] , h[k] and λ. However, in most cases it is impractical to specify the former two
infinite sequences. Instead, G(q) and H(q) are represented as rational functions in terms
of a finite number of parameters θ, i.e. G(q, θ) and H(q, θ). Determining the exact values
of these parameters is what system identification is all about. As such, the general model
description should be interpreted as a set of model structures, and it is left to the estimation
procedure to select the best model based on the experimental data. There exist different
ways of parametrising these rational functions, hence a generalised model structure is
defined as
A(q, θ) y[k] =

C(q, θ)
B(q, θ)
u[k] +
e[k]
F (q, θ)
D(q, θ)

(4.66)

Different model structures can be derived by selecting one or more polynomials in q. The
structures that are applied throughout this dissertation are, the autoregressive movingaverage with exogenous inputs (ARMAX) model (Equation 4.67) and the output-error
(OE) model (Equation 4.68).
A(q, θ) y[k] = B(q, θ) u[k] + C(q, θ) e[k]
A(q, θ) y[k] =

B(q, θ)
u[k] + e[k]
F (q, θ)

(4.67)
(4.68)

To define the prediction error methods, it is relevant to define the disturbance v[k] in
terms of a prediction, i.e. derived from known past and present observations. Because of
the assumptions that e[k] has zero mean, it can be shown that the best one-step-ahead
prediction of the disturbance is
v̂[k|k − 1, θ] =

+∞
X

h[k] e[k − l] = [H(q, θ) − 1] e[k] = [1 − H −1 (q, θ)] v[k]

(4.69)

l=1

While the use of v[k] in the last expression might seem inappropriate, one should not
forget that H(q) is a monic polynomial in the backward shift operator. Therefore, only
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past values of v[k] are used to calculate the one-step ahead prediction. Note that for this
to be useful, H −1 (q) is required to be stable. Using Equation 4.69, it can be shown that
the best one-step-ahead prediction of the output is given by
ŷ[k|k − 1, θ] = H −1 (q, θ) G(q, θ) u[k] + [1 − H −1 (q, θ)] y[k]

(4.70)

The prediction error is then defined as
[k, θ] = y[k] − ŷ[k|k − 1, θ] = H −1 (q, θ) [y[k] − G(q, θ) u[k]]

(4.71)

In case that G(q, θ) and H(q, θ) are exactly known for the system under study, it can be
shown that [k, θ] = e[k]. Therefore, in the best-case scenario, the prediction error is white
noise which originates from the stochastic nature of the disturbance.
In reality, the parameters θ in G(q, θ) and H(q, θ) have to be estimated as good as possible
from measurements of both the input u[k] and the output y[k]. One way to do this is by
demanding that the prediction errors obtained over N data points should be minimised
in their variance. Mathematically this is expressed by taking the quadratic norm of all
prediction errors and subsequently minimising this expression by varying θ.
N
1 X T
θ̂ = arg min
 [k, θ] [k, θ]
θ N
l=1
N

(4.72)

An important remark is the fact that the predictor ŷ[k|k − 1, θ] can be rewritten as a
(pseudo-)linear regression for any model structure defined in Equation 4.66.
ŷ[k|k − 1, θ] = φT [k, θ] θ

(4.73)

In case of linearly parameterised predictors, e.g. the autoregressive with exogenous inputs
(ARX) model, the predictor can be separated linearly as a product of the parameters θ
and the regressor φ[k]. The latter contains only observations u[k] and y[k]. In such a case
the least squares estimator gives the optimal prediction of the parameters.
"

N
1 X
N
θ̂ =
φ[k] φT [k]
N l=1

#−1 "

#
N
1 X
φ[k] y[k]
N l=1

(4.74)
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If the regressor however depends on time delayed values of the same regressor φ[k − l],
and therefore indirectly on the values of the parameters θ, numeric iterative algorithms for
non-convex optimisation have to be used to calculate the minimum of Equation 4.72. Such
an approach is generally referred to as extended least squares estimation and has to be
applied for both the ARMAX and OE model structures. One key point with respect to this
estimator is the fact that θ̂N is proven to be a consistent estimate of the true parameters
θ0 .
lim θ̂N = θ0

N →+∞

(4.75)

A broader view of the prediction error framework reveals that the methods within this
framework are defined by three basic choices: (i) the choice of the parametrisation of
G(q, θ) and H(q, θ), (ii) the choice of the predictor ŷ[k, θ] and (iii) the choice of the cost
function used to optimise an attribute of the prediction error [k, θ].
4.2.7

Input excitation signals

One of the misconceptions about system identification is that it is just a set of algorithms
which need to be applied on available data to come up with a model which represents the
system as good as possible. While this assumption might hold for a limited amount of
cases, for the majority of the systems it is important to excite the system with carefully
selected input signals to obtain highly informative responses of the system.
Depending on the objective of the study, different input signals can be used to derive a
mathematical model. In the preliminary steps of getting to know a system it might be
useful to look into historical data. With respect to dynamic modelling the transient periods
are most interesting and might give distinctive clues on the dominant time constant of the
system under study. In the scope of system identification however, historical data is often
found as being data rich yet information poor. This means that there is little information
contained in the data that can be used to come up with an accurate model for prediction. That explains why targeted stimulus-response tests are performed to interrogate the
system. In order to design such identification experiments a priori knowledge, obtained
from historical data and expertise, can be very useful. For example, rough estimates of the
dominant time constant, the bandwidth of the dynamics and the presence of nonlinearities
as well as disturbances might help when deriving a model. That is why it is advised to
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Figure 4.4: Input excitation signals use for system identification. Top left:
Step signal. Top right: Staircase signal. Bottom Left: Pseudo-random binary
signal. Bottom right: Swept sine signal.

perform some initial testing before performing the actual identification experiments, and
preferably in open-loop to ensure that there is no feedback within the system.
One way of perturbing a system is by using step tests in open-loop (Figure 4.4). The
amplitude of the steps depends on the operating region of interest, while the duration of the
step should minimally equal the settling time of the response. Step testing can give a first
estimate of the time delay, the gain and the dominant time constant of a system. The latter
is crucial in determining the sampling rate of a system. Typical values for the sample period
used in systems and control theory are 1/10 - 1/5 of the dominant time constant of the
system. Sampling at higher rates than the actual bandwidth of the system results in data
redundancy which leads to incorrect modelling of high frequency artefacts. Sampling at
lower rates might result in incorrect observations of the system’s behaviour. A disadvantage
of step testing is the low spectral power at higher frequencies which makes that step testing
is unsuitable for higher order systems with interesting dynamics at higher frequencies.
Moreover, step tests do not provide information on the nonlinear behaviour of a system.
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Step signals are thus most appropriate for slow systems which can be described by low
order linear models within the operating range. Such systems are commonly encountered
in the process industry.
One way to trigger the nonlinear behaviour of a system is through the application of
staircase testing (Figure 4.4). Such a staircase signal combines multiple steps over the
operating range. In this way, the behaviour at different operating points can be readily
compared. The downside of these tests is the fact that it takes much longer as compared to
simple step testing and will thus come at a higher experimental cost. Equivalent to staircase
testing, yet providing a greater resolution, is sine wave testing. As shown before, sinusoidal
signals belong to the class of complex exponential signals which are eigenfunctions of LTI
systems. It is thus sufficient to compare the frequency of the sinusoidal input and output to
determine the linearity of a system. In case the input frequency is distorted over multiple
harmonics the system is found to be nonlinear in the variables. If not, linearity is proven
(Equation 4.31).
Once the system is understood using one of the preliminary test signals, more complex
persistent excitation signals can be applied to derive an input-output model. In this respect,
both the frequency content and the shape, as determined by the phase spectrum, are
important aspects of the excitation signal. Clearly, the frequency content of the input
excitation signal should align with the intended application of the system. Moreover, it
can be shown that the model errors in time-domain identification are directly depending
on the input spectrum. While high power signals are preferred because of the improved
SNR, systems are typically constrained in the amplitude that can be applied. One way to
express this trade-off between amplitude and power is by determining the crest factor of a
signal, which is the ratio of a signals peak value upeak to its root mean square value in the
frequency band of interest urmse .
max |u[k]|
upeak
k∈[0,N ]
p
=
Cr(u) =
urmse
urms Pint / Ptot

(4.76)

With Ptot the total power of a signal and Pint the power of the signal in the frequency band
of interest. The former is defined as
Ptot

N
X
1
|x[k]|2
= lim
N →+∞ 2 N + 1
k=−N

(4.77)
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The idea is to have a minimal crest factor for the input excitation signal since this will
ensure maximum power with minimum amplitude.
An interesting test signal with low crest factor is a white noise signal. Its use in system
identification is mainly driven by the fact that the auto-correlation function of a white
noise input signal Ruu [k] is everywhere zero except in the origin where it is equal to the
variance of the signal σu2 , i.e. Ruu [k] = σu2 δ[k]. The only practical problem is that white
noise signals are hard to constrain in amplitude and the fact that a genuinely white noise
source is not reproducible. As such amplitude constrained deterministic signals which are
periodic in nature are preferred. One of them is the pseudo-random binary signal (PRBS)
(Figure 4.4). This is a two-state switching signal whose mean and variance are similar to
those of a white noise signal (Figure 4.4). Other excitation signals often used in system
identification are swept sines and power optimised multisines. More details on input signals
and their design for time-domain and frequency-domain system identification can be found
in the works of Söderström and Stoica (1989); Ljung (1999); Zhu (2001); Pintelon and
Schoukens (2012).

4.3

Process control

Process control refers to a broad range of methods that are used to regulate different
continuous variables. Examples are the control of process operational settings, product
characteristics, energy consumption and economic performance of industrial processes. A
difference is made between open-loop and closed-loop process control (Figure 4.5). In openloop control, the operational settings of the process are only provided once at the beginning
of a production campaign. The aim of the controller is to predefine the process inputs u[k]
based on a desired output of the process, referred to as the setpoint ysp [k]. Clearly, such an
approach will only be satisfactory if the process itself is well-understood and the effect of
process disturbances w[k] is minimal. In an industrial context, open-loop control is mainly
found at the supervisory level. In contrast, closed-loop control is used for processes which
are not completely characterised or processes that are subject to substantial disturbances.
In closed-loop control, a feedback path is present which allows for continuous comparison of
the actual process output y[k] with the desired setpoint value. Using both signals, a control
error e[k] can be calculated which is subsequently used by the controller to recalculate the
process inputs in order to obtain the desired process response. An important drawback of
closed-loop feedback control is the fact that it is a curative control strategy which operates
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after a deviation propagated through the system. Or, in other words, a setpoint deviation
is required to generate a corrective action.

Figure 4.5: Top: Components of an open-loop controlled process. Bottom:
Components of a closed-loop feedback controlled process.

In the ideal case of a closed-loop controlled process, the setpoint and actual process output
coincide regardless of process disturbances. In reality this is very unlikely since most
dynamic processes have a finite bandwidth, meaning that transient responses are observed
as the sample period of a sampled data system decreases. Nevertheless, when the frequency
at which a process is sampled is too low, its dynamics can be neglected for the observer.
In such cases the closed-loop process can be idealised as a unity gain which directly passes
the desired setpoint value on to the output of the process.
Practical implementation of a process controller can be achieved in multiple ways. The
least complex is by the use of manual control. Hereto, a dedicated process operator is
in charge of providing a new input action to the process taking into account the current
output values and the desired setpoint. This indeed works well for processes which are well
described and minimally affected by process disturbances. However, when such conditions
are not fulfilled it is often difficult to achieve reproducible closed-loop control using human
operators, i.e. timing and intensity of the control action are not completely determined.
That is why automatic process control is most often applied.
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The key element of any automatic process controller is the control law. It comprises a rule
which calculates the next control action by taking into account the actual process output
and the desired process output. For the purpose of automatic control, the control law is
expressed in terms of a mathematical equation. A distinction is made between control laws
that do and do not explicitly use a mathematical representation of the system. The former
are commonly referred to as model-based controllers, as opposed to controllers that are
empirical in nature such as the proportional-integral-derivative (PID) controller.
4.3.1

Proportional-integral-derivative control

PID control is widely adopted as a closed-loop feedback control law for industrial process
control applications. An often cited explanation for its popularity is the fact that it is very
intuitive in understanding which makes that acceptable control can easily be obtained when
using PID controllers. Perhaps a more fundamental point is that many industrial process
control applications are easy to control which makes PID control an ideal candidate. An
excellent overview of the practical aspects related to PID control is given by Visioli (2006).
Consider the continuous-time form of a PID controller.

u(t) = Kp

1
e(t) +
Ti

Z
0

t

de(t)
e(τ )dτ + Td
dt



(4.78)

Applying the Laplace transform, Equation 4.78 can also be represented as a transfer function.

G(s) = Kp

1
1+
+ Td s
Ti s



(4.79)

This structure is referred to as the ideal or non-interacting PID form. In fact, the three
terms in this equation can be physically interpreted. The first term denotes a direct
proportional response of the control whenever the measured value y(t) deviates from the
setpoint ysp (t) as defined by e(t). The second term takes into account the past behaviour
Rτ
of the process by accumulating the errors over the progress of time 0 e(τ ) dτ . Finally, the
last term accounts for future errors by calculating the rate at which the error is changing
de(t)
.
dt
Note that Equation 4.78 is merely a textbook representation which is usually not implemented as such on industrial controllers (e.g. single loop control stations, programmable
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logic controllers (PLC) and distributed control systems (DCS)). One of the adaptations is
related to the fact that in modern applications, the control law needs to be implemented
on a digital computer. This means that it should be discretised in time using any of the
discretisation methods available. Using the backward difference approximation as defined
in Equation 4.55, the positional form of the discrete-time PID control law is obtained.
"
u[k] = Kp

#
t
Td
T X
e[i] +
(e[k] − e[k − 1])
e[k] +
Ti i=1
T

(4.80)

By subtracting the same expression for u[k − 1], the incremental form of the discrete-time
PID control law is obtained.





Td
2 Td
Td
T
+
e[k] + −1 −
e[k − 1] +
e[k − 2] (4.81)
u[k] = u[k − 1] + Kp 1 +
Ti
T
T
T
An additional feature commonly added to the PID control law is the ability to constrain
the control action u[k] sent to the process as an updated input value. This prevents the
controller from damaging process actuators while at the same time it ensures safe process
operation. Economic incentives might also be a reason to constrain the input signal. A
straightforward way to take into account the process input constraints is by clipping the
control action calculated by the controller to a lower bound umin and an upper bound umax .






if umin

if u[k] < umin then
≤ u[k] ≤ umax then
if u[k] > umax then

u[k] = umin
u[k] = u[k]
u[k] = umax

(4.82)

When an integral term is present in a control law, clipping of the input signal at saturation
will result in controller performance degradation. More specifically, the system will operate
as in the open-loop case since the input applied by the actuator is at its maximum or minimum, independently of the process output. Moreover, the error itself will only decrease
slowly which makes that the integral term rapidly blows up until long after the saturation
event. This is commonly referred to as integrator or reset windup. Strategies that prevent
this phenomenon are referred to as anti-windup techniques. The most obvious is detuning
of the controller. However, this will result in sluggish control and thus poor closed-loop
performance. A more popular technique uses conditional integration or integrator clamping. It consists of switching off additional integration when the input value reaches its
bounds.
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The true power of the PID control law is the fact that it can be readily used for a wide
range of process control loops. The only requirement is that the control parameters Kp , Ti
and Td are well-chosen. Making a determined choice of the control parameters is referred to
as the act of control parameter tuning. Most modern tuning methods are based on deriving
some kind of minimal understanding of the process behaviour to subsequently formulate
the control parameters. As a consequence, a preliminary form of system identification
is involved when tuning PID controllers. Hence, perturbation of the process using welldefined input excitation signals is also useful to tune a controller. If a process model is
available, tuning is preferably performed in-silico. If this is not the case, tuning methods
that can be performed automatically by the controller itself are preferred. This is known
as autotuning. An impressive amount of PID control tuning methods exist. It is not the
intention of this dissertation to cover all of these methods in-depth. The reader is therefore
redirected to other standard references in this field (Li et al., 2006; Yu, 2006; O’Dwyer,
2012).
4.3.2

Model predictive control

While PID control provides satisfactory results in a lot of process control applications,
the use of more sophisticated control laws is required for processes that are characterised
by multiple inputs and outputs, varying time-delays and the presence of multiple input
and output constraints. To handle these, model-based control strategies such as model
predictive control (MPC) can be employed. MPC is a family of automatic process control
algorithms which are characterised by (i) the explicit real-time application of a process
model to predict the process output at future time instants, i.e. the prediction horizon, (ii)
the calculation of an optimal future control actions through minimisation of a cost function,
and (iii) a receding horizon strategy which applies a single control action followed by a
displacement of the prediction horizon towards the future. The various MPC algorithms
only differ among the choice of the model and the objective function to be minimised. A
standard work on MPC is given by Camacho and Bordons (2007).
Throughout this dissertation, the extended prediction self-adaptive control (EPSAC) MPC
scheme was applied (De Keyser, 2003). The key EPSAC equation which describes the
predicted value of the output y[k] postulated at time t, for future time steps Y = [y[t +
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N1 |t], ..., y[t + N2 |t]], for a prediction horizon N2 , can simply be written as the sum of a
base and an optimising response.
Y = Ybase + Yopt

(4.83)

Were the base response Ybase = [ybase [t + N1 |t], ..., ybase [t + N2 |t]] is the prediction of
the plant’s response over the entire prediction horizon to a base control action Ubase =
[ubase [t|t], ..., ubase [t + Nu |t]] applied over the entire control horizon Nu . Note that the coincidence horizon N1 is introduced to compensate for the time delay and causality present in
the plant. In contrast, the optimising response, Yopt = [yopt [t+N1 |t], ..., yopt [t+N2 |t]], is the
response of the plant to an optimal sequence of control actions Uopt = [uopt [t|t], ..., uopt [t +
Nu |t]] defined over the control horizon Nu . The aim of the EPSAC controller is to
make an optimal selection of Ubase and Uopt so that Y follows a reference trajectory
R = [r[t + N1 |t], ..., r[t + N2 |t]] as good as possible for future time steps. Note that the
reference trajectory does not necessarily need to be the same as the setpoint. In this case
the current and future reference is chosen to be the setpoint at the current time instance.
This eliminates the need for additional tuning of the reference response.
In the case of LTI systems, it can be shown that the outcome of the EPSAC controller
is independent of Ubase for linear systems and therefore it is selected to be the value of
the control action applied in the previous time instance u[t − 1]. To obtain Yopt , a cost
function J that quantifies the difference between the desired and the predicted response
needs to be minimised.
T

J = (R − Y) (R − Y) =

N2
X

[r[t + k|t] − y[t + k|t]]

(4.84)

k=N1

Although various functions are typically defined based upon different criteria and constraints, the cost function considered throughout this dissertation does not take into account control effort. As a consequence, no additional control parameters need to be tuned.
In order to minimise J for a linear system, Yopt is rewritten as the superposition of im-
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pulse response coefficients g[i] and step response coefficients h[j] of the plant as defined in
Equation 4.41.
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−1 T
G (R − Ybase )
Ûopt = GT G

(4.86)

Utilising both the Ubase and Uopt the EPSAC controller is able to maintain its reference
trajectory while compensating for disturbances. Note that because the model is explicitly
used in the formulation of the control law, fast and stable response are expected from the
model predictive controller without the need for additional tuning.
For safety or economic reasons, the control action of the MPC needs to be constrained in
amplitude before being applied to the process. Unlike empirical control laws, MPC is able
to actively anticipate constraints in the control action calculation. It can be shown that
a priori constrained control results in a better performance as compared to simple signal
clipping (Equation 4.82). Mathematically the cost function represented in Equation 4.84
should thus be reformulated for the constrained problem to
min J = (R − Y)T (R − Y) = [(R − Ybase ) − G U]T [(R − Ybase ) − G U]
U







uopt [t + Nu − 1|t]
{z
}

Replacing Y as the sum of the base response Ybase and the optimising response Yopt as
defined by Equation (4.85), the problem becomes quadratic in Uopt . Hence, the least
squares estimator gives the optimal prediction of the parameters.

s.t. A U ≤ b



(4.87)

With A and b defining the linear inequality constraints to which U is subjected. The
combination of an LTI system used as the process model in the MPC together with a
quadratic cost function and linear constraints results in a convex quadratic programming
(QP) problem which can be solved using efficient numeric optimisation techniques. A more
rigorous mathematical description can be found in the work of Maciejowski et al. (2007).

CHAPTER 5
System Description

Recent initiatives by the pharmaceutical regulators have resulted in a trend towards science
based drug product manufacturing standards (FDA, 2004). A critical step in this path is
to understand the functioning of the complex machinery used in the various drug manufacturing processes. Therefore, this chapter introduces the different steps involved in the
production of pharmaceutical tablets. In addition, a detailed description of the continuous
manufacturing line studied in this work is also provided.

5.1

Pharmaceutical tablet manufacturing

Different pharmaceutical dosage forms exist depending on the route of administration. Yet,
around 80 % of all drug therapies come in the form of orally administered tablets (Plumb,
2005). Historically, oral solid dosage (OSD) forms such as tablets or capsules were preferred
because they offer important benefits as compared to most other galenic forms e.g. drops,
injectables, ointments and patches. For example the convenience of administration by
the patient himself, the relatively inexpensive manufacturing and packaging but also the
possibility of high-precision dosing (Patel et al., 2006). Commercially available tablets are
mass produced by compression of powder, granules or pellets with the help of a high speed
rotary tablet press at rates exceeding 100,000 tablets/h. These tablets typically weigh 50
- 1500 mg, have a length in between 3 - 30 mm and a width in the range of 4 - 6 mm.
The simplest tablet manufacturing route is direct compression (DC) (Figure 5.1). A conventional batch DC process is characterised by multiple manufacturing steps. First of all,
one or more active pharmaceutical ingredients (APIs) and excipients of the final drug product are fed to a charging system to dispense the correct quantities of each ingredient into
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an intermediate bulk container (IBC). This is the most critical step as the concentration of
each ingredient in the final dosage form is determined. While mostly automated, manual
charging is not uncommon. Depending on the drug substance, the concentration of API
in the final OSD can vary from as low as 0.05 %w/w (e.g. hormones) up to 95 %w/w (e.g.
analgesics). Next, all ingredients are blended to create a homogeneous powder mixture
which ensures that each unit dose contains the correct amount of API. Note that blending
is especially important in the case of low dose API products. Before the final compression
step a solid lubricant is typically added to the powder mixture. Its main functions are to
ensure that tablet formation and ejection can occur with low friction as well as the improvement of product flow. In fact, a lubricant reduces the mechanical wear of the tablet
press die walls and punches, and is therefore extending the lifetime of compression tooling
significantly. The most effective lubricants are stearic acid and stearic acid salts, such as
magnesium stearate. These are usually used at relatively low concentrations, i.e. less than
1 %w/w. Because lubricants are shear sensitive they are commonly blended in a separate
secondary blending step which is much more gentle. In this way, over-lubrication is avoided
which ensures correct hardness and dissolution of the final compacts.
DC is only successful if the raw materials and pharmaceutical blend properties match the
process requirements such as high flowability (e.g. Hausner ratio, angle of repose or flow
function coefficient), adequate tabletability (e.g. tablet tensile strength), a low tendency
to segregate (e.g. segregation index) and little dust formation (e.g. fractional release rate).
While it is possible to change the formulation excipients in favour of direct compression
(e.g. expensive co-processed excipients through particle engineering), the API substance
cannot be changed. Moreover, in case of high-dose formulations the use of specialised excipients may lead to very large tablets, hampering patient compliance (Gohel and Jogani,
2005). In contrast, for low-dose formulations, DC is challenging because poorly flowing
and cohesive APIs need to be uniformly dispersed in a powder blend to guarantee an acceptable tablet content uniformity (Van Snick et al., 2017b). To overcome the drawbacks
of DC, and thereby reducing the risk of production failure, pharmaceutical manufacturing
companies preprocess the entire powder blend before the final compression step. Granulation and spray drying are the most common processes used in the pharmaceutical industry
to improve bulk powder processability (Figure 5.1). Indeed, both modify the particle size
distribution of the starting materials to enhance flow and thus compression.
Granulation is an agglomeration process used for the size enlargement of a particulate material. During this process, primary powder particles (i.e. micro-structures) are forced to
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Figure 5.1: Most prevalent industrial process routes for the secondary manufacturing of pharmaceutical tablets. Adapted from Fonteyne et al. (2015b).

103

104

5.1 PHARMACEUTICAL TABLET MANUFACTURING

adhere to one another with the formation of an agglomerate (i.e. macro-structures). However, upon inspection of the formed granules, the micro-structure of the primary powder
entities can still be distinguished as opposed to other pharmaceutical unit operations such
as extrusion and pelletisation. As a result of granulation, bulk density, porosity and flowability of the material changes. Hence, its application in a tablet manufacturing process. A
distinction is made between dry, wet and melt granulation. While the former relies solely
on the input of mechanical energy, wet granulation also uses a granulation liquid to bind
the particles together through a combination of capillary and viscous forces (Iveson et al.,
2001). However, a subsequent drying step is required to harden the liquid bridges through
recrystallisation of the dissolved powder particles. In the case of melt granulation, lowmelting polymeric binders are added to the initial powder blend to bind the primary power
particles during controlled heating. Once again, a temperature controlled curing step is
needed after the formation of the melt granules (Grymonpré, 2018). For each of these
granulation methods, different equipment can be used in commercial manufacturing. For
example, wet-agitated granulation can be performed using drum, pan, fluidised-bed and
high shear granulators (Reynolds et al., 2007). For each of those, different equipment vendors are available (GEA Pharma Systems AG, Glatt GmbH, Gerteis AG, Alexanderwerk
AG, Servolift LLC etc.). Note that the choice of the manufacturing route and equipment
is dictated by the physico-mechanical properties of the active pharmaceutical ingredient
rather than economic incentives. Making the correct choice is therefore not straightforward. An example study provided by Arndt et al. (2018) illustrates the effect of different
granulation techniques on granule properties such as size distribution and porosity, as well
as the tensile strength of the final tablets. Indeed, each of the techniques has its own
advantages which should definitely be taken into account when selecting the granulation
route to be employed for commercial OSD manufacturing.
Spray drying is another unit operation often used in industrial pharmaceutical manufacturing. Although often used in drug substance manufacturing for the formation of API
in a dispersed powder state, spray drying is also used for the manufacturing of the drug
product, as a means to improve API bio-availability and encapsulation, as well as for the
manufacturing of aerosols. Spray drying for improved compressibility is also reported but
the success remains limited (Filková et al., 2014). Different spray drying setups can be
distinguished depending on the atomisation mode, the direction of the air flow and on the
exhaust of the solvent. Note that due to the process design, spray drying is inherently
continuous and robust. Spray dryers with single run times exceeding one month are no
exception (Çelik and Wendel, 2009).
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Following blending or granulation, the particulate stream is compressed into tablets using
a tablet press. Here, compression is defined as the process in which a loose particulate
mass is placed in a die and pressed between an upper and bottom punch to form a coherent compact. In fact, compression includes both compaction (i.e. volume reduction
and particle rearrangement) and consolidation (i.e. bond formation). In the case of tablet
manufacturing the term tabletting is frequently used. Nowadays, nearly all pharmaceutical
tablets are produced with the help of rotary tablet presses (Figure 5.2). In such case, the
pharmaceutical powder or granulate is fed using an overhead hopper and a chute into a
forced feeder which is directly mounted onto the die table. Both dies and punches reside
inside a rotating turret which forces them to pass consecutively through the filling station, precompression rollers, main compression rollers and the ejection station. The aim
of tablet precompresion is to remove the excess air present in the voids in between the
particles. Therefore it requires only a relatively small compression force. In contrast, main
compression takes place with much higher loads to form a solid compact. Ejection of the
tablet from the die is performed by raising the lower punch. Afterwards, tablet scrape-off
is immediately performed with the help of an ejection finger (Peeters, 2014).
A final optional step in the secondary manufacturing of pharmaceutical OSDs is coating.
This is the process by which a dry outer layer of coating material is applied on the outer
surface of the dosage form. The coating itself can be functional or non-functional depending
on the product. Functional coatings are used to modify the release profile and/or location of
the drug substance inside the patient, protect the drug substance from light and moisture
in the environment, as well as for the masking of taste and identity of the actual drug
product. Non-functional coatings are primarily used for aesthetic reasons. Nowadays film
coating in a rotating drum is the preferred technique for most pharmaceutical tablets.
This involves the deposition of a thin film of an aqueous formulation onto the surface
of the tablet. The coating solution or suspension typically contains functional polymers,
colourants and plasticisers (Aulton and Taylor, 2013).
Both during and after secondary manufacturing of pharmaceutical tablets, a number of
procedures are used to assess the quality of the drug product in order to guarantee patient
safety. Depending on the product, different critical quality attributes (CQAs) need to be
evaluated. A distinction is made between compendial and non-compendial tests. The procedure for a compendial test is described by the different pharmacopoeias (e.g. European
Pharmacopoeia - Ph.Eur., United States Pharmacopeia - USP, Japanese Pharmacopoeia
- JP, etc.). For pharmaceutical tablets the most important compendial tests concern the
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Figure 5.2: Linear schematic view of the compression cycle of a modern rotary
tablet press. Image adopted from (Peeters, 2014).

API content, the in vitro release rate and the mechanical strength. The former is done
through either mass variation or content uniformity testing depending on the product (ICH
Q4B, 2008). Nowadays, mass variation testing, control and rejection is possible in-process
for most commercial rotary tablet presses. To do so, different options exist. Either a
compaction force control loop is used during main compression or the displacement of the
movable precompression rollers is calculated (Van Evelghem, 2008). Assessing the bioavailability of the formulated API is done through either disintegration and/or dissolution
testing. Again, multiple compendial procedures and apparatuses exist to estimate the
in-vivo performance of the drug product. Another important attribute of pharmaceutical
tablets is the mechanical strength. Sufficient fracture and attrition resistance is needed
to ensure that tablets remain intact during all handling and storing stages. For example
during production, packaging, distribution, dispensing and administration. Tablet attri-
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tion is evaluated with a friability tests, whereas tablet hardness and tensile strength are
obtained with a diametral compression test. Note that tablet hardness, weight and thickness are typically evaluated at-line with the help of an integrated tablet tester, i.e. an
in-process control (IPC). Despite tight manufacturing regulations and control of critical
process parameters (CPPs) and critical material attributes (CMAs), the final tablet quality
attributes will always come with some unintended variability, i.e. common cause variation.
This is because of external uncontrolled disturbances which are constantly acting on the
manufacturing process. A detailed analysis of the different types of disturbances involved
in continuous tablet manufacturing is provided in Section 3.3.

5.2

ConsiGma™

ConsiGma™ is the trademark for a continuous tablet manufacturing platform developed by
pharmaceutical equipment supplier GEA Pharma Systems (Collette, Wommelgem, Belgium). The innovative element of this technology was the fact that back in 2009 it offered
the first commercially available integrated solution for continuous pharmaceutical tablet
manufacturing. The latter approach is opposed to other pharmaceutical equipment manufacturers aiming solely at continuous equipment for specific unit operations. Different
products are available within the ConsiGma™ family and all of them aim at revolutionising
a piece of the pharmaceutical manufacturing plant of the future (Figure 5.3).
The continuous tableting line or ConsiGma™ CTL is a platform technology to go frompowder-to-tablet in a single automated production line. Hence, it is completely eliminating
material handling, storage and relocation in IBCs. At its core, the different tablet manufacturing routes can be implemented, i.e. twin-screw wet granulation combined with
fluid bed drying, dry granulation through roller compaction, melt granulation or hot melt
extrusion combined with controlled cooling. All of these operations are followed by a compression step using GEA’s proper MODUL™ compression technology. At the moment of
writing, more than 50 of these solutions have been implemented worldwide for both brand
and generic pharmaceutical manufacturers, with two FDA approved commercially available therapeutics, Orkambi® and Symdeko® by Vertex Pharmaceuticals. Different good
manufacturing practice (GMP) certified production scales exist of the continuous tableting
line depending on the material throughput range, i.e. ConsiGma™ 25, ConsiGma™ 50 and
ConsiGma™ 100 for maximal throughputs of respectively 25, 50 and 100 kg/h. In addition,
different spatial arrangements are possible. In the case of a horizontal set-up, a single
floorspace is occupied with the different unit operations. Here, wet and dry granules are
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Figure 5.3: Overview of the different ConsiGma™ continuous manufacturing
solutions commercialised by GEA Pharma Systems. Top left: ConsiGma™ 1.
Top right: ConsiGma™ CDC. Bottom: ConsiGma™ CTL together with the
ConsiGma™ Coater.

pneumatically conveyed in between the units. Contrarily, a vertical set-up is comprised of
multiple floorspaces, each containing one or more unit operations of the entire line with
gravimetric transport in between. In fact, the mode of material transport and thus the
type of connections being used in a continuous manufacturing line should not be neglected
as they can have a substantial impact on the material being processed (De Leersnyder
et al., 2018). Besides differences in capacity and transportation modes, GEA also provides
ConsiGma™ 25 units which are portable, continuous, miniaturised and modular (PCMM)
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for agile and flexible manufacturing. These on-demand OSD continuous manufacturing
lines can be used to manufacture drug products anywhere in the world where basic utilities
are available. Once production is no longer needed, these lines are dismantled, transported
and relocated elsewhere. According to GEA representatives, the goal of the PCMM facility
is to manufacture OSD products more quickly and closer to the patients.
In addition to the CTL technology, a stand alone GMP direct compression machine, i.e.
ConsiGma™ CDC, is also available in GEA’s portfolio as of 2014. This all-in-one manufacturing line with a limited spatial footprint of 16 m2 can blend and compress up to 50
kg of ten different pharmaceutical powders into tablets within the hour. To do so, it uses
GEA’s proprietary loss-in-weight (LIW) compact feeding solution together with two subsequent dry blenders and GEA’s proper MODUL™ compression technology. As compared
to conventional batch DC, the CDC line saves in space, energy and labour.
For research and development purposes the ConsGma™ 1 standalone and mobile unit can
be used. It consist of a single LIW feeder, twin-screw wet granulator and a fluid bed dryer.
In fact, the granulator barrel is identical to the ConsiGma™ 25. Also, the dryer represents
a single segment of the six-cell segmented fluid bed dryer found in the ConsiGma™ 25. In
terms of capacity, it can handle small amounts of product to as low as half a kilo. Due
to its similarity to the higher capacity lines and its minimised production scale, it should
allow for fast and flexible testing during early OSD development work.
The final continuous manufacturing product in the the portfolio of GEA Pharma Systems
is the ConsiGma™ Coater. This drum coater operates in semi-continuous mode. This
requires multiple coaters to be placed in parallel to safeguard continuous operation of the
manufacturing line. The advantage is the fact that this mode of operation results in an
apparent plug flow behaviour and thus better tracking of the tablets throughout the coating
process. Note that the ConsiGma™ coater is specifically intended for early stage production
with limited batch sizes of 1.5 up to 3 kg. Note that capacity can easily be increased by
numbering up.

5.3

ConsiGma™ 25 line at Ghent University

The laboratory of pharmaceutical technology and the laboratory of pharmaceutical process analytical technology at Ghent University exploit a ConsiGma™ 25 line for research
purposes. In fact this is the first prototype of the continuous line build by GEA Pharma
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Systems in 2006. In this section the setup as installed at Ghent University is described
in detail as it will be used further in this dissertation. This specific manufacturing line
differs from the latest generations since multiple improvements have been implemented on
the newer ConsiGma™ 25 machines. Yet, the essential components remained the same.
The ConsiGma™ 25 at Ghent University consists of four distinct unit operations: material dosing, twin-screw wet granulation, fluid bed drying and milling. At the moment, it
is not possible to directly couple the MODUL™P rotary tablet press available at Ghent
University with the upstream unit operations. Nor is there an intermediate continuous
blender for the introduction of an external phase and a lubricant. Figure 5.4 visualises the
continuous manufacturing line at Ghent University, whereas Figure 5.5 provides a detailed
process flow diagram.

Figure 5.4: ConsiGma™ 25 at Ghent University. Materials flow (semi)continuously from the right side to the left side of the manufacturing line.

5.3.1
5.3.1.1

Material dosing
Unit operation

Continuous powder feeding is needed to maintain a consistent inflow of solid material
throughout the manufacturing campaign. Not only does this yield the correct composi-

Figure 5.5: Process flow diagram (PFD) of the ConsiGma™ 25 continuous wet granulation system. The green labels
indicate sensors. The blue labels indicate control loops (i.e. sensor, controller and actuator). The red labels indicate
test points for the implementation of additional instrumentation.
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tion of the final drug product, it also provides a first means to balance the amount of
material in the subsequent unit operations and surge hoppers. As opposed to most batch
processes, powder feeding is therefore an essential step of continuous manufacturing processes (Blackshields and Crean, 2018). In the case of the Ghent University line, dosing of
a pharmaceutical powder is performed by a K-PH-ML-D5-KT20 twin-screw loss-in-weight
feeder (Coperion K-Tron, Sewell NJ, USA) (Figure 5.6). It is noteworthy to mention that
this line does not come with additional equipment for continuous feeding and blending of
multiple powdered components individually. Therefore, a premix or preblend of the solid
ingredients needs to be prepared upfront (using a batch blender) and subsequently loaded
into the hopper of the feeder. However, a second feeding port is present in the granulator
barrel which allows external feeders to dose into the process stream. Both a small 20 L and
a large 50 L feeder hopper are available for powder dosing. Consistent filling of the feeder’s
screw flights is achieved with the help of a vertical agitator. The agitator is coupled to
the motor of the feeding screws with a fixed transmission. Using a combination of clamps,
ferrules, gaskets, compensators and seals the horizontal outlet of the feeder is connected
to the next unit operation without exposing the product to the production environment.

Figure 5.6: Left: Coperion K-Tron KT20 gravimetric feeder for accurate
dosing of pharmaceutical powders. Right: Twin screws and agitator inside the
agitator hopper of the feeder. Image courtesy of Coperion K-Tron.

Besides the feeding of solid materials, precise dosing of a granulation liquid is also required. The liquid is typically an aqueous solution of a solid binder which is prepared
upfront. Dosing this liquid is accomplished by the LIW liquid addition system. Note that
in contrast to the powder feeder, the liquid addition system is not an integrated solution
coming from a single equipment manufacturer. A single peristaltic pump with two pump
heads (313VDL/D, Watson-Marlow Fluid Technology Group, Falmouth, UK) is used to
drip the liquid into the process. The two pump heads can be positioned in-phase or out-
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of-phase with respect to each other (Vercruysse et al., 2014). Silicon tubings with different
internal diameters and dripping nozzles with varying aperture sizes can be used to respectively transport and inject the granulation liquid. Controlling the mass flow rate of the
granulation liquid is based on the LIW principle using a weighing platform (WMHA32s,
Mettler Toledo, Columbus, OH).
5.3.1.2

Functional operation

Before operating the KT20 feeder a feed factor calibration is required. Here, the feed factor
is defined as the mass flow rate at maximum screw speed [kg/h]. During this initialisation
period the feeder will dose powder at a predefined screw speed and calculate the weight
loss over time, hence the term loss-in-weight feeder. Once the feed factor is determined the
the KT20 can be operated in either volumetric or gravimetric mode. In volumetric mode
the screw speed is kept constant at a predefined calibration value. Indeed, this operating
mode is not optimal because changes in powder level and density are not compensated for.
A better way of operating a LIW feeder is in gravimetric mode. When in gravimetric mode
the powder weight is continuously measured and subsequently used for feedback control of
the screw speed. This ensures that the instantaneous feed rate is always close to the desired
setpoint value. Therefore, in normal operation the gravimetric mode is active. Whenever
the weight signal of the feeder is disturbed by an external source, gravimetric mode is
however not possible. This explains why the volumetric mode is activated during start-up
and refill events (Engisch and Muzzio, 2015b). Another important aspect of LIW feeders,
which should ideally be evaluated before switching over to production, is the amount of
variation on the flow rate signal during dosing. This is expressed in terms of the relative
standard deviation (RSD) of the mass flow [%].
A similar strategy is used for the initialisation of the liquid addition system. In the case of
the granulation liquid, a two point calibration is used with two different predefined pump
speeds. For each of the pump speeds the decrease in weight is recorded over time. This
allows for the calculation of a linear calibration curve with a slope and intercept. When
combining powder and liquid dosing into the process it is important that both are correctly
synchronised at start-up and shutdown. This prevents product loss due to erroneous dosing
ratios during these transient periods. For example, when the powder dosing is initiated
too early, unwetted and ungranulated material will exit the downstream granulation step.
To prevent this different start and stop delay times need to be specified upfront by the
operator.
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Automation

The KT20 powder feeder is energised and controlled by a Coperion K-Tron proprietary
controller or K-Tron Control Module (KCM). It is located inside the trolley on which
the feeder itself is located and provides a local display and panel. The controller itself
consists of a CPU board for real-time calculations and a power board to interface with the
motor drive. The weight of the material inside the hopper is measured using a weighing
system with a load cell. Next, this analog weight signal is communicated to the KCM
which calculates the required voltage needed to drive a 450 W DC motor. In addition, it
also allows for continuous calculation of the feed factor. Real-time feedback of the screw
speed is provided by an integrated tachometer. Details on the actual control law used to
calculate and updated the screw speed in gravimetric mode are not available. To prevent
powder from entering the drive system, plastic seals are present on the shaft of the screws
and agitator. These seals are continuously purged, which explains the need for pressurised
air. Remote control of the powder mass flow rate and other parameters such as limits,
warnings and alarms, is enabled by fieldbus communication. To this end a communication
board with a Profibus DP Interface is wired inside the KCM.
Measurement and control of the liquid flow rate is handled by the centralised programmable
logic controller (PLC) located inside the electric panel. Hereto, the weight signal generated
by the platform is communicated every second using a Profibus DP transmitter found inside
the movable trolley. The signal is subsequently used to calculate the analog voltage needed
to control the 35 W brushless DC motor in gravimetric mode. The calculation is based on
the calibration curve defined during initialisation superimposed by an additional factor.
The aim of this extra term is to compensate for external disturbances such as changes in
the liquid level, liquid viscosity and state of tubing, as well as the offset between the actual
nonlinear dosing characteristic and the linear calibration curve. The value of this factor Z
[RPM], is based on the deviation between the measured weight decrease ∆wav [g], and the
weight decrease predicted using the calibration curve ∆wcal [g].
∆W = ∆wcal − ∆wav

(5.1)
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The following conditional structure is used to determine the wear factor Zt at time t and
thus also the additional control action in gravimetric mode.

Zt = Zt−1 + 2.0





Zt = Zt−1 + 0.5
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t
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if
∆W
if
1 < ∆W
if
0 < ∆W
if −1 < ∆W
if −3 < ∆W
if
∆W

≥
<
<
<
<
≤

3
3
1
0
−1
−3

(5.2)

Although a weight measurement is available every second, the liquid addition LIW control
loop is only updated once every 30 s. This is done to ensure accurate measurements of the
actual weight decrease ∆wav . Feedback of the pump speed is provided by an in-built pulse
generator.
5.3.2
5.3.2.1

Twin-screw granulation
Unit operation

Continuous wet agglomeration of the solid ingredients is realised by a twin-screw granulator. This equipment consists of a granulator barrel and two 25 mm co-rotating screws
(Figure 5.7). The granulator barrel is comprised of three distinct segments. In the first
segment the pharmaceutical powder is gravimetrically introduced, hence it is referred to
as the feed segment. Because of the rotation of the screws the material is conveyed in the
axial direction though the different zones. Next comes the work segment which is where the
granulation liquid is introduced via the two liquid addition ports. It is here that extensive
wetting, mixing and agglomeration of the powder takes place. In the discharge segment
the wet granules exit the granulator barrel and are transferred into the wet transfer line.
An optional system can be mounted onto the discharge segment to monitor granulator
clogging. The granulator screws have a length-to-diameter ratio of 20:1. Different modular
screw elements can be used for granulation, i.e. conveying elements for powdered material
transport, kneading elements for compaction and fragmentation and comb mixing or chopping elements for compaction and crushing (Thompson, 2015). In addition, the screws are
characterised by an intermeshing zone in which the flights of one screw extend into the
channel of the adjacent screw. The latter contributes to the self-wiping character of the
screws. Active cooling of the work segment is made possible by the built-in cooling jacket.
This is desired because of the vast amount of heat generated due to friction inside the

116

5.3 CONSIGMA™ 25 LINE AT GHENT UNIVERSITY

granulator barrel. In fact, the heat generated is proportional to the number of kneading
elements in the screw configuration (Vercruysse et al., 2012). Besides the rotating twinscrews, a rotary bridge breaker is also present in the feed segment of the barrel. This part
of the granulator is used to prevent powder bridging in the first feeding port. To this end,
a rotating paddle is continuously scraping the inner perimeter of the inlet port.

Figure 5.7: Left: Twin-screw granulator. Right: Technical animation. The
coloured elements in the screws depict the two kneading zones. Bottom: Photo
showing a screw pullout. The direction of flow is from the left to the right.
Photo courtesy of Thompson (2015).

5.3.2.2

Functional operation

Operating the twin-screw granulator is relatively simple compared to the dosing or drying
unit operations. Calibration is not needed since all functional components are mechanical
in nature and therefore they do not depend on raw material characteristics. The most
important parameter from a process point of view is the screw speed setpoint [RPM]. It
is important that the screw speed is sufficiently high to prevent overloading of the twinscrews. When the fill level is too high, the torque applied on the motor shaft might
exceed an operator defined maximum limit. Note that when the raw material dosing stops
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the granulator screws will only cease operation an operator-defined period later. The
barrel temperature [°C] is another setpoint which needs to be specified by the operator.
During granulator initialisation the granulator barrel is cooled/heated until the desired
temperature is reached.
5.3.2.3

Automation

The granulator screws are driven by a 2.2 kW AC induction motor. Control of the motor
speed is handled by a variable frequency drive located in the technical area. Start-up,
shutdown and proportional-integral-derivative (PID) control parameters of the drive are
programmed on the drive itself by the equipment manufacturer. These are not meant to
be adjusted by the process operator. Digital communication with the PLC for statuses,
setpoints, limits, alarms and warnings is handled over a Profibus DP network. In addition
to controlling the motor, the frequency drive also measures the voltage U [V] and current
I [A] provided to the motor. This allows for real-time calculation of the active electrical
power Pel [W] provided to the three-phase motor.
Pel = U I
= 3 Up Ip cos(φ)
√
3 Ul Il cos(φ)
=

(5.3)

With Up and Ip the voltage and current provided over one of the three phases, Ul and Il
the voltage and current provided over the lines connected to the motor terminal block (i.e.
as measured by the frequency drive) and cos(φ) the power factor of the motor. Feedback
of the actual motor torque and screw speed is provided by an in-shaft surface acoustic
wave torque and speed transducer. The generated analog current signals are connected to
a distributed input/output system which communicates all data to the centralised PLC.
In addition to the screw speed control loop, the granulator barrel temperature is also controlled using a temperature control unit (TCU). The unit is comprised of an interacting
primary and secondary refrigeration loop, meaning that the secondary loop cools the primary loop, whereas the primary loop cools the granulator barrel. In case of the secondary
loop, a third party condensing unit, based on vapour compression refrigeration, is installed
(i.e. compressor, condensor, fan with heat sink, thermal expansion valve, filter dryer and
refrigerant). The primary loop consists of a tank in which the spiral of the secondary
condensor is located for cooling purposes. A cooled 30 %v/v glycol in water solution is
circulated from this primary tank to the granulator barrel jacket for improved heat dissipation. The compressor of the secondary loop is activated whenever the temperature of
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the glycol solution inside the tank exceeds a hard coded setpoint. Note that in between
the cooled tank and the granulator barrel an additional 900 W electric heating element
is present which is used to regulate the inlet temperature of the glycol in water solution.
The granulator barrel temperature is measured near the end of the work segment by an
integrated platinum resistance temperature detector, i.e. a PT100 probe. An additional
three temperature probes are present to measure the work fluids temperature at the inlet
and outlet of the granulator, as well as in the primary tank. Control of the barrel temperature is managed by the centralised PLC. Hereto, a PID control law is used to control
the power provided to the heating element. Power control of this resistive load is made
possible by a thyristor unit connected to the PLC. PID control parameters can be changed
by the operator on the process human machine interface (HMI). Besides the analog temperature measurements, the TCU also consists of discrete tank level and flow switches for
safety reasons. As noted before, an additional system can be mounted onto the granulator
discharge segment. While this system is used mainly for clogging prevention, it also measures the flow of air sucked into the wet transfer line. To this end, a differential pressure
measurement over an in-duct orifice is present. A HEPA 14 filter is in place to filter the air
entering the wet granulation line. For maintenance purposes the pressure drop over this
filter is measured.
5.3.3
5.3.3.1

Fluid bed drying
Unit operation

Next in line comes the conical fluid bed dryer (Figure 5.8). Wet granule drying is an
important part of the continuous manufacturing line. Not only does it provide the desired
mechanical, chemical and microbial performance, it is also the unit operation which takes
the longest time to complete due to the thermodynamic constraints. During the drying
step the granules are fluidised with the help of a hot air stream which is sustained by a pull
fan connected to the dryer air outlet. Considering the configuration of the distributor plate,
the nominal air flow rates (200 - 400 m3 ) and the nominal granule loadings (0.5 to 1.5 kg/h),
it must be concluded that the dryer gives rise to normal behaviour of the fluid bed and thus
not a spouted bed behaviour (Mortier, 2014). Important is that the dryer actually consists
of six cells which are supposed to be identical from a mechanical point of view. This design
is needed to ensure the continuous operation of the manufacturing line and at the same
time control the residence time inside the unit operation (Vervaet and Remon, 2009). This
kind of operation is referred to as semi- or quasi-continuous manufacturing (Tezyk et al.,
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2016; Khinast and Bresciani, 2017). A wet transfer line is used for the transfer of the
wet granules from the discharge segment of the twin-screw granulator to the top of the
fluidised bed dryer. Because of the low vacuum induced inside the dryer the wet granules
are automatically dragged through the wet transfer line. Dispensing of the granules to the
different cells is accomplished by a rotating inlet valve and flange located at the top of the
dryer. The cells remain static inside the drying chamber. After a fixed drying period is
exceeded, the mini-batches of granules are periodically extracted from each cell with the
help of a rotating outlet valve located at the bottom of the unit. After passage of the air
through the granule bed and the remaining part of the chamber, the drying air is filtered a
first time by six parallel blowback filters found at the top of the dryer. A second filtration
is preformed by a HEPA 14 filter situated inside the technical area.

Figure 5.8: Left: Six-segmented fluid bed dryer. Right: Technical animation
which reveals the different segments inside the drying chamber as well as the
rotary outlet valve near the distributor plate.
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Functional operation

Continuous operation of the six-segmented fluidised bed dryer requires that multiple operations such as filling, drying and emptying are performed in parallel (Figure 5.9). Exact
timing of each operation is also needed to ensure a reproducible end product. All of this
is performed by a dryer cell management (DCM) system programmed on the centralised
PLC. Throughout continuous manufacturing, the inlet rotary valve fills one cell after the
other (counterclockwise) for a predefined amount of time. It is already during the filling
of each cell that drying is initiated. The reason is because there is only one air handling
unit in place for the six cells of the dryer. Hence, the drying air is continuously flowing
through each of the six cells at the same time. After a cell is loaded, the inlet valve and
flange rotate towards the next cell. Whenever the drying period of a cell elapses, the cell
is emptied through the outlet rotary valve located at the bottom of the drying chamber.
After unloading a cell, a number of pneumatic blowbacks are given to the filter found at the
top of that cell. Indeed, to guarantee continuous operation of the system the accumulated
drying time (i.e. the actual drying time added by the time for cell unloading, blowback
and closing of the rotary valve) cannot exceed six filling times.
5.3.3.3

Automation

The rotary inlet and outlet valve are driven by two separate 750 W AC servomotors which
are located in the technical area. Power transmission from the motor to the rotary valve
is performed by a flexible rotary shaft. Profibus communication with the motor is taken
care of by an expansion board on the servo itself. The exact position of each rotary
valve is measured using absolute encoders. Note that the emptying of the cells occurs
only at intermittent time points, whereas filling of the cells is continuously ongoing. This
requires that the outlet rotary valve does not immediately proceed from one cell to another;

Figure 5.9: Visual representation of the different drying operations managed
by the dryer cell management (DCM) system (De Leersnyder et al., 2018).
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instead it is halted in an intermediate closed position. Hence, the outlet rotary valve is
cycled through twelve distinct positions whereas the inlet rotary valve considers only six
positions. Motion control is performed by the centralised PLC.
Besides the sequential operation of the drying cells, the drying air temperature and flow
also requires strict control. Conditioning and HEPA 13 filtering of up to 500 m3 of air is
performed by an air handling unit (AHU) located in the technical area. In a commercial
manufacturing setting this unit allows for both air temperature and humidity control. At
Ghent University only the air temperature [°C] can be controlled whereas the humidity
[%RH] is only monitored. The inlet air temperature and humidity are monitored by a
combination sensor mounted in the dryer inlet air ductwork. To regulate the drying air
temperature, three 400 VAC heating elements with a total heating capacity of 15 kW are
installed. A thyristor unit connected to the Profibus DP network is used for precise PID
control of the the required heating power. Control performance can be tuned by the
operator on the HMI.
Apart from the temperature, the drying air flow rate [m3 /h] is also controlled. The inlet
air flow is monitored based on differential pressure measurement using a Wilson radial
flow grid located in the dryer inlet ductwork. This pressure difference is converted by an
external transmitter into a current signal which is subsequently communicated over the
Profibus DP network. Conversion of the differential pressure to an air flow rate is done
on the centralised PLC. The air flow rate is controlled by an end-of-line pull fan mounted
on an 11 kW AC induction motor. Fan speed setpoints coming from the centralised PLC
are digitally communicated to a dedicated frequency drive which is in charge of controlling
the induction motor. To control the actual air flow rate, a cascade control loop is in place
with the PLC as the master controller and the frequency drive as the slave controller. In
addition to temperature, humidity and flow measurements, a resistive pressure transmitter
measures the pressure of the drying air in the inlet ductwork [mbar]. These variables are
not only measured in the dryer inlet ductwork, but also in the dryer outlet ductwork. More
specifically, they are measured just after the integrated HEPA 14 filter. Pressure drop over
this filter is monitored using an additional resistive pressure sensor between the dryer
outlet and the filter itself. Concerning the drying chamber, the granule bed temperature is
monitored by six PT100 probes located at the bottom of each drying cell. At the top of the
dryer another probe is found which measures the temperature inside the chamber itself.
An additional two pressure measurements (with different pressure ranges) are located in
the drying chamber for the evaluation of top filter bag fouling.
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In addition to the electromechanical sensors and actuators, the dryer unit also comes
with an extensive electropneumatic part. Six 2/2-way solenoid valves are in charge of the
blowbacks provided to the filters at the top of each cell. Pressurised air is supplied from
a prefilled reservoir located in the technical area. In addition, a valve island with two
3/2-way solenoid vales is used to operate a bistable 5/3-way pneumatic valve. The latter
is used to inflate and deflate the seals in between the ductwork of the technical area and
the dryer inlet and outlet of the production area. In this way a contained production
environment is guaranteed.
5.3.4
5.3.4.1

Milling
Unit operation

In the final step of the UGent continuous manufacturing line, the granules are milled.
Milling is sometimes required to break the oversized granule fraction into smaller sized
granules which are more suitable for downstream compression. A conical dry mill is present
inside the product evaluation and control unit, also referred to as the granule conditioning
unit or discharger. The mill is a U10 Quadro® Comil® (Quadro, Ontario, Canada) which
can be equipped with different screens and impellers depending on the desired outcome of
the granule size. The rotational speed of the impeller [RPM] is set by the operator.
5.3.4.2

Functional operation

The dry granules coming from the fluid bed drying cell are pneumatically conveyed into
the evaluation unit using a dry transfer line. To this end a vacuum is generated in the
product control hopper and released by an intermittently operating pinch valve. In order
to separate particulate matter from the air stream, a filter is present at the top of the
hopper. A number of blowbacks are provided in the opposite direction of the air flow to
ensure that there is no material left in the filter cloth. Furthermore the air has to pass
through a second filtration step provided by a HEPA 14 filter. Once a single mini-batch of
dry granules is present in the product control hopper, a metering valve is actuated which
ensures a gradual flow of granules to the inlet of the mill. Therefore neither starving nor
choking the mill with dry granules. This kind of intermittent operation of the evaluation
unit makes that at the end of the line mini-batches of conditioned granules are collected
in a buffer. Periodic unloading of this reservoir is handled by a discharge valve. Because
the evaluation module operates on each mini-batch separately, strict time alignment with
the fluidised bed dryer is required. On the one hand, the accumulated dryer unloading
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Figure 5.10: Left: Product evaluation and control unit with integrated mill.
Right: Technical animation which reveals the screen and impeller of the mill.
Image courtesy of Ytron-Quadro Ltd.

time (i.e. the time needed for positioning the outlet rotary valve, dryer unloading, filter
blowback in the fluid bed dryer, filter blowback in the product control hopper and closing
of the blowback valves) cannot exceed the cell filling time of the dryer. On the other hand
the cell drying time cannot be less than the accumulated dryer unloading time.
5.3.4.3

Automation

The rotating impeller of the mill is driven by a 1.5 kW AC motor. A variable frequency drive
is used to control the speed of the motor. Note that there is no sensor in place to provide
feedback on the actual mill speed. Mill speed control is therefore entirely determined by the
AC frequency generated by the variable frequency drive. The metering valve upstream of
the mill and the discharge valve downstream of the mill are pneumatically operated by two
separate 5/2-way solenoid valves. Regarding the vacuum transport of the dry granules,
a 5.5 kW vacuum pump is installed. The vacuum is released by an air-operated pinch
valve located in between the product control hopper and the dry transfer line. Inflation
or deflation of the pinch valve is made possible by two 3/2-way solenoid valves. Blowback
of the filter inside the product control hopper is performed by a 2/2-way solenoid valve
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connected to a prefilled air reservoir. The pressure drop over the downstream HEPA 14
filter is continuously measured using two resistive pressure sensors.
5.3.5

Integrated line

Clinical and commercial manufacturing of drug products requires that the entire production process is conform the guidelines recommended by the regulatory agencies, i.e. the
current good manufacturing practice (cGMP). A nice example of how these practices are
implemented on the Ghent University ConsiGma™ line, is the clear separation between the
production area and the technical area. Indeed, these parts of the machine which should
never be in contact with the product are isolated from the production room by a partition
wall. As such they are part of a non-rated technical area. This requires that all utilities
such as electric power, pressurised air, cooling fluids etc. pass the wall using dedicated
connectors which ensure a contained production environment (Figure 5.11). Another way
of guaranteeing drug product purity is by using GMP verified materials for all functional
and non-functional parts of the equipment. For example, all metal parts of the line in
contact with the product are made of high quality AISI 316L and 316Ti stainless steel
whereas all metal parts which are not in direct contact with the product are made of AISI
304 stainless steel. Although the continuous line at Ghent University was originally designed according to the GMP regulations by the equipment manufacturer, the production
environment and practices employed by the operators make that the Ghent University
line is not intended for GMP drug product manufacturing. Furthermore, the line is also
not foreseen for aseptic processing, handling of materials with a particle size less than 5
µm, nor is it capable of processing explosive or self-igniting powders. Regarding explosion
safety, the ConsiGma™ 25 at Ghent University is mechanically and electrically designed for
operation in an ATEX zone 22 production facility. To this end, all powder and granule
receivers, transfer lines and valves are earthed to reduce the risk of electrostatic build-up.
Also note that the line was originally intended to have a wash-in-place (WIP) system. This
is however not operational at Ghent University. Therefore, all parts of the production line
need to be washed manually.
An important aspect of the continuous line at Ghent University is the option to implement
additional instrumentation at the end of each step or in the unit operation itself. In the
process flow diagram these are denoted as additional testpoints (Figure 5.5). Their main
goal is to augment the process data with multivariate product data obtained from real-time
analysers or PAT tools. Whereas the existing univariate sensors in the manufacturing line
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Figure 5.11: Mechanical drawing of the through-the-wall production facility.

only measure the environment to which the product is exposed (e.g. temperature, pressure,
shear, etc.), advanced multivariate analysers can be used to measure the product itself in
terms of physical and chemical characteristics. In this way, intermediate and final product
CQAs can be monitored and controlled in real-time. In the work of Laske et al. (2017) the
measurement possibilities at five different testpoints or PAT locations are discussed.
5.3.5.1

Functional operation

Operating and supervising the continuous manufacturing line is possible through the accompanying process HMI (Figure 5.12). This essentially consists of a desktop computer
(HP xw4400 Workstation PC, IntelVR CoreTM 2 Duo Processor E6600, 2.00 GB RAM)
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which runs a supervisory control and data acquisition (SCADA) and a data historian software (HMI/SCADA iFix 5.0 & Proficy Historian v3.1a, GE Fanuc Intelligent Platforms
Inc., Fairfield, CT). This software has multiple functionalities.

Figure 5.12: Visualisation of the screens used to operate the ConsiGma™ 25
from the process HMI.

Process measurements and equipment status visualisation Regarding process
measurement visualisation, Table 5.1 provides an overview of all the relevant measured
variables of the ConsiGma™ 25 line at Ghent University. Both actual values and historic
trending over time are available in the SCADA software.

Process operation and control With respect to process operation, three different
operating modes are programmed in the SCADA software.
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Table 5.1: Measured variables of the ConsiGma™ 25 line at Ghent University. ∗ Calculated
according to Equation 5.3.
Unit operation
Powder feeder
Powder feeder
Powder feeder
Liquid addition
Liquid addition
Liquid addition
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Mill
Mill
General

Name
Powder mass flow rate
Feeder motor speed
Powder weight
Liquid mass flow rate
Pump speed
Liquid weight
Screw speed
Motor torque
Barrel temperature
Temperature TCU tank
Temperature TCU inlet
Temperature TCU outlet
Air flow rate wet granule transfer
Pressure difference wet transfer line
Power granulator drive∗
Drying air inlet flow rate
Drying air inlet humidity
Drying air outlet humidity
Dryer top pressure
Drying air inlet pressure
Drying air outlet pressure before HEPA 14
Drying air outlet pressure after HEPA 14
Pressure difference distribution plate
Pressure difference dryer filters
Temperature filter air handling unit
Drying air inlet temperature
Drying air outlet temperature
Temperature dryer cell 1
Temperature dryer cell 2
Temperature dryer cell 3
Temperature dryer cell 4
Temperature dryer cell 5
Temperature dryer cell 6
Pressure product control before HEPA 14
Pressure product control after HEPA 14
Atmospheric pressure production room

Units
kg/h
RPM
kg
g/min
RPM
kg
RPM
Nm
°C
°C
°C
°C
m3 /h
mbar
W
m3 /h
%RH
%RH
mbar
mbar
mbar
mbar
mbar
mbar
°C
°C
°C
°C
°C
°C
°C
°C
°C
mbar
mbar
mbar
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• Automatic production: All unit operations are automatically controlled by a digital production recipe. This recipe contains information on the different setpoints,
process parameters, engineering constants, warning limits and alarm limits. This
ensures continuous and reproducible working conditions. In addition, each recipe
comes with an audit trail which keeps track of the recipe history including creation,
modification and deletion details. Recipes are created before production starts and
can only be released for commercial manufacturing by a person with sufficient access
permission. When the machine is started in automatic mode the first automated
action of the system is the verification of the equipment integrity, e.g. interlocks and
alarms. If these are within specifications the user is subsequently prompted with different initialisation sequences, e.g. taring and calibration of the weighing platforms
in the dosing unit. Next, the line is brought to the specified starting conditions, e.g.
the drying air is heated to its setpoint value. When this is all done, the line starts
autonomous manufacturing.
• Manual operation: This mode allows for the activation of the different units manually and individually. This makes that not every unit needs to be in place. Each
unit can also be operated without executing the initialisation sequences upfront.
Hereto, previous calibration values are retrieved from the memory. However, setpoints, process parameters, engineering constants, warning limits and alarm limits
are still required to operate each unit. Although manual operation is not meant to
be used for production, it is useful for experimentation and initial screening of the
operating space, e.g. design of experiments. Note that a full process with granules
transferred to the fluid bed dryer and ultimately to the product evaluation unit is
not possible in manual operation mode.
• Maintenance: Similar to the manual operation mode. Maintenance mode does
however not require campaign and output identification. More functionalities are
available in maintenance mode, e.g. manual feedfactor calibration. Also, more details on the state of each actuator is provided, e.g. total operational time [h] and
calculation of the total amount of materials processed [kg]. Maintenance mode should
only be used for testing and evaluation purposes.
Depending on the operating mode, different parameters need to be specified upfront by
the operator. More than 50 relevant parameters exist. A distinction is made between
process parameters, process setpoints and engineering constants. Process parameters are
used in calculations, timers and counters (Table 5.2). Process setpoints are used as the
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reference values for the regulatory process control loops (Table 5.3). Note that the mill
speed is controlled in open loop, i.e. there is no sensor in place to provide feedback on the
actual speed of the mill. This explains why there is also no option to have deviations on
this setpoint. A third group of parameters which have to be specified are the engineering
constants (Table 5.4). These are used to generate warnings or alarms.
Warning and alarm management In total more than 80 alarms are programmed in
the SCADA software. Alarms are shown in the alarm banner located at the bottom of
each screen. Depending on the amplitude of deviation and the severity of the issue four
different categories of alarms are defined.
• Critical: If a critical alarm occurs, all units will immediately shutdown in automatic
mode. In manual mode only the specific unit will be forced to shutdown. For example,
when the emergency stop is activated.
• High priority: A high priority alarm will only force the specific unit to shutdown
immediately. This holds for both automatic and manual mode. For example, when
the granulator torque exceeds its maximum value.
• High: A high alarm results in the controlled shutdown of a unit in automatic production mode, whereas the unit is immediately shut down in manual mode. For
example, when there is no flow detected in the granulator barrel cooling circuit.
• Medium: Generates a warning to the operator. For example, when the mass of the
granulation liquid is below its low level.
For each of the continuous control loops at the regulatory level, a setpoint stabilisation time
and maximum stabilisation time also needs to be defined in the recipe. At start-up or upon
setpoint change, these two engineering constants will be used to determine if the process
control loop is stable or not. A first requirement for control loop stability is the fact that
the controlled variable should remain within a range around the setpoint for a duration
equal to the stabilisation time as defined by the operator. The range is constructed by
adding and subtracting the value of the warning level to and from the setpoint (Table 5.3).
A second requirement is that the controlled variable should reach this first goal before the
maximum stabilisation time is expired. Evaluation of control loop stability is thus made
possible by the use of two programmed timers. The first timer is set when the controlled
variable reaches the desired range around the setpoint. If the controlled variable would
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go outside of the desired range this timer is reset. A second timer keeps track whether or
not the maximum stabilisation period is reached. If a process control loop is shown to be
stable, the warning and alarm limits will be activated. These limits ensure that external
process disturbances do not remain unseen. If a control loop is determined as unstable, a
high alarm is triggered. This procedure is illustrated in Figure 5.13.
In addition to operational alarms, several mechanical interlocks have been integrated
throughout the different parts of the production line. For example, the mill can only
be activated when the correct spool piece is present on top of it. This prevents external
objects from entering the mill inlet which could damage the impeller and screen. To make
this possible a coded magnetic interlock switch is present. This switch acts as a proximity
sensor which can only be activated by the coded magnet attached to a specific spool piece.
Additional interlocks are present in both the twin-screw granulator and fluid bed dryer.

Figure 5.13: Stabilisation around the setpoint. Left: The controlled variables stabilises upon setpoint change. Alarm and warning limits are activated.
Right: The controlled variable does not stabilise upon setpoint change. An
alarm will be triggered.

Report generation The SCADA system is not only in charge of retrieving process data
in real-time, it also allows for automatic reporting. Different reports can be requested by
the operator. Note that all software components are compliant with Title 21 CFR Part 11
regarding electronic records and signatures.
• Recipe report: Provides detailed information on a production recipe. This includes
setpoints, process parameters and engineering constants. An audit trail is also in
place for transparent version control.
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Table 5.2: Process parameters of the ConsiGma™ 25 line at Ghent University.

Unit operation

Name

Units

Powder feeder
Powder feeder
Powder feeder
Powder feeder
Liquid addition
Liquid addition
Liquid addition
Liquid addition
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Mill
Mill
Mill
Mill
Mill

Max refill level
Min refill level
Start delay time
Stop delay time
Start delay time
Stop delay time
Tuning speed 1
Tuning speed 2
Bridge breaker speed
Stop delay time
Outlet membrane pulsing period
Outlet membrane pulse length
Cell filling time
Cell drying time
Number of blowback pulses
Cell emptying time
Number of cycles before blowback
Number of blowback pulses
Product control hopper emptying time
Milling time
Product buffer emptying time

kg
kg
s
s
s
s
RPM
RPM
%
s
s
s
s
s
#
s
#
#
s
s
s

Range and
resolution
6.0 - 16.0
4.0 - 16.0
0 - 100
0 - 100
0 - 100
0 - 100
0 - 350
0 - 350
15 - 100
0 - 100
0 - 10000
0 - 10000
60 - 600
0 - 30000
0 - 10
0 - 1000
0 - 20
0-5
0 - 1000
0 - 1000
0 - 100

Table 5.3: Setpoint variables of the ConsiGma™ 25 line at Ghent University. Variables indicated by * are PID controlled by the centralised PLC.
Unit operation

Name

Units

Powder feeder
Liquid addition
Twin-screw granulator
Twin-screw granulator
Fluid bed dryer
Fluid bed dryer
Mill

Powder mass flow rate
Liquid mass flow rate
Screw speed
Barrel temperature*
Drying air inlet temperature*
Drying air inlet flow rate*
Mill speed

kg/h
g/min
RPM
°C
°C
m3 /h
RPM

Setpoint range
and resolution
1.000 - 50.000
10.0 - 300.0
200 - 950
3.0 - 85.0
20 - 80
150 - 500
300 - 3000

Deviation range
and resolution
0.001 - 25.000
0.1 - 150.0
1 - 500
1.0 - 50.0
1 - 40
1 - 500
N/A

Warning
level
1.400
10.0
50
5
5
5
N/A

Alarm
level
2.700
20.0
95
10
10
10
N/A
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Table 5.4: Engineering constants of the ConsiGma™ 25 line at Ghent University.

Unit operation

Name

Units

Powder feeder
Powder feeder
Liquid addition
Liquid addition
Liquid addition
Liquid addition
Liquid addition
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Twin-screw granulator
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Fluid bed dryer
Mill

Powder mass flow stabilisation time
Powder mass flow max. stabilisation time
Container low level
Container low low level
Wear factor limit liquid tubes
Liquid mass flow stabilisation time
Liquid mass flow max. stabilisation time
Max. torque
Screw speed stabilisation time
Screw speed max. stabilisation time
Barrel temperature stabilisation time
Barrel temperature stabilisation time
Warning level HEPA 14 filter clogging
Waring level wet transfer clogging
Alarm level wet transfer clogging
Warning level air distribution plate clogging
Warning level HEPA 13 filter clogging
Warning level HEPA 14 filter clogging
Warning level top filter clogging
Air temperature stabilisation time
Air temperature max. stabilisation time
Air flow stabilisation time
Air flow max. stabilisation time
Warning level HEPA 14 clogging

s
s
kg
kg
RPM
s
s
Nm
s
s
s
s
mbar
m3 /h
m3 /h
mbar
mbar
mbar
mbar
s
s
s
s
mbar

Range and
resolution
1 - 3000
1 - 3000
0 .0 - 30.0
0.0 - 30.0
0 - 100
1 - 3000
0 - 3000
0.1 - 65.0
1 - 100
1 - 100
1 - 10000
1 - 10000
0 - 100
0.1 - 17.0
0.1 - 17.0
0 - 100
0 - 100
0 - 100
0 - 100
1 - 10000
1 - 10000
1 - 10000
1 - 10000
0 - 100
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• Production report: Gives a summary of all data generated in a production campaign. It also includes the recipe parameters, as well as information on the occurrence
of warnings and alarms during production.
• Maintenance report: Brief summary of the actuator usage rate. Documents for
example the number of times a valve was opened, as well as the total run time of a
motor.
Data exportation All production data can be exported to a spreadsheet file for offline
data analysis. The maximum sample rate is 1 Hz.
5.3.5.2

Automation

Just like most modern industrial machines, the Ghent University ConsiGma™ 25 line is
automated primarily by electrical and electromechanical components. Only a few components of the machine require pneumatic operation. The machine is powered from the
3x400V+N AC electric mains operating at a 50 Hz net frequency. It is estimated that
the continuous line consumes around 42 kW of electrical energy during nominal operation.
Following the European Machine Directive 2006/42/EG and the Low Voltage Directive
2006/95/EG, a separation is made between a power circuit and a control circuit. The former is used to power heavy electrical loads such as the motors, rotary valves and heating
elements. Therefore, it directly uses the 3x400+N electric network. In contrast, the control circuit operates the low power components of the machine such as the PLC, the HMI,
contactors, relays, motor protection switches, timers and most of the sensors. In fact, the
control circuit is divided between a low voltage circuit at 230 V AC and a very low safety
voltage circuit at 24 V DC. The latter is mainly used to power the different univariate
sensors. An important component of the control circuit is the safety relay which handles
all aspects related to the safe operation of the machine. Hence, its terminals are directly
wired to all safety components of the control circuit. For example, when the emergency
stop of the machine is pressed the safety relay will directly deactivate the power circuit
which results in a direct shutdown of all high power actuators. At the same time, the
safety relay will also communicate this event to the centralised PLC which subsequently
provides the operator with an alarm and triggers additional shutdown procedures.
As mentioned before, regulatory control of the manufacturing line is managed by a single
programmable logic controller (PLC) located in the electric cabinet (Figure 5.14). This
hardware controller is part of an overall centralised regulatory control system which in-
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Figure 5.14: Left: Inside the electric cabinet. The PLC is located at the
top right corner of the rack. Top right: Input/output (I/O) modules which
act as an interface between the analog and digital signals, coming from the
various sensors and actuators, and the Profibus DP network. Bottom right:
Distribution and filtering of pressurised air used for pneumatic actuators. Note
the valve island located at the bottom right corner.
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cludes the SCADA computer. The network topology of this control system is illustrated
in Figure 5.15. In this case a Siemens S7-300 PLC is installed (Siemens AG, Munich,
Germany). Three major modules can be distinguished: a 230 V AC to 24 V DC power
supply, a CPU type S7-317-2 PN/DP and two I/O cards. The automation program used
to operate the continuous manufacturing line is stored on an additional memory card which
resides in the CPU module. The program itself should only be modified by automation
engineers from GEA Pharma Systems. For academic purposes an offline copy is available.
The program language used for coding is a combination of ladder logic and function block
diagrams, according to the open industrial standard IEC 61131-3. Based upon the logic in
the controller, both digital and analog inputs or outputs are evaluated or activated.
Communication with the different sensors and actuators is mostly done over a Profibus
Distributed Periphery (DP) network. Hereto different I/O stations are distributed over
the technical area (WAGO 750 DP slaves, WAGO Kontakttechnik GmbH & Co. KG). All
of these are connected to the master PLC in a multi-drop fashion. Hereto, the PLC uses
a dedicated Profibus DP communication card in the CPU module. Only a few digital and
analog signals are handled by the I/O card of the PLC itself.
Visualisation of the different actions taken by the controller is made possible by an industrial PC which runs a supervisory control and data acquisition (SCADA) software
(HMI/SCADA iFix 5.0, GE Fanuc Intelligent Platforms Inc., Fairfield, CT). The PLC
and the SCADA computer are connected over Ethernet which allows for a measurements
update rate of 1 Hz. Furthermore, all production data is stored in a database using a data
historian software installed on the same PC (Proficy Historian v3.1a, GE Fanuc Intelligent
Platforms Inc., Fairfield, CT). The historian allows for historic data querying.
Remote monitoring and control of the SCADA program is made possible by an OPC DA
server software program which is installed on the same PC (iFix OPC 2.0 server, GE Fanuc
Intelligent Platforms Inc., Fairfield, CT). OPC stands for Object Linking and Embedding
for Process Control, sometimes also just referred to as Open Platform Communications.
It is a series of standards and specifications used for communication between instruments
from different vendors, (e.g. PLCs, SCADA software, process analysers, historians etc.).
Indeed, before OPC got widespread various vendor specific protocols were used resulting
in complex integration exercises with very specific software drivers (Kominek, 2009). With
the help of an OPC client software the process data available on the SCADA computer
can be retrieved by an external computer or instrument. To this end, each variable used
in the SCADA program uses a unique identifier or OPC tag. Over 2000 tags exist for the
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continuous manufacturing line at Ghent University. All of these tags have read permission,
however only few of them have write access. This means that only few of them can be
controlled by an OPC client installed on an external computer or controller.

Figure 5.15: Network topology regulatory control layer of the Ghent University ConsiGma™ 25 line.

The majority of the functions performed by the PLC are related to discrete control of
the regulatory process level. Examples are the safe startup and shutdown of different
unit operations, assuring the sequential operation of the DCM system, start and stop of
digital timers, counting the number of blowback pulses etc. Indeed, all of these actions are
discrete in nature, but above all, they are completely determined. Only few continuous
process control loops exist for which a control action has to be updated dynamically. In
fact, it are only the setpoint variables of the line which require continuous control (Table
5.3). A distinction is made between those variables that are directly controlled by the
centralised PLC and those that are controlled by a decentralised single loop controller. For
example, the twin-screw granulator comes with a variable frequency drive which controls
the motor speed itself using a PID control algorithm. In this case, the PLC only sends a
setpoint value to the drive. A counterexample is the temperature control of the granulator

CHAPTER 5 SYSTEM DESCRIPTION

137

barrel, which is completely handled by the PLC program. For those variables that are PID
controlled by the centralised PLC, control parameter tuning is possible. In this way, the
dynamics of the closed-loop regulatory control loops can be identified and tuned. This is
illustrated in Figure 5.16. The implemented structure of the PID control algorithm is the
non-interacting form.

Figure 5.16: Operator screen showing the control performance of the granulator barrel temperature loop. PV: Process variable, SP: Setpoint and CO:
Controller output.

5.4

ConsiGma™ wet granulation state-of-the-art

Over the last five years, a great deal of research has been performed to understand the
physical and chemical mechanisms occurring in the different unit operations comprising
the ConsiGma™ CTL and CDC lines. Of particular interest to this dissertation are the
wet granulation unit operations, i.e. twin-screw wet granulation and fluid bed drying. A
brief overview of the latest research topics studied specifically for these unit operations is
provided here.
• The work of Vercruysse (2014) studied the influence of formulation, process and
equipment parameters on granule and tablet quality. Additional aims of this work
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were to understand granulation liquid mixing and distribution, to investigate the
stability and repeatability of the continuous granulation process and to evaluate the
in-line blending capacity of the granulation unit.
• Fonteyne (2014) evaluated the strengths and weaknesses of several complementary
PAT tools (near-infrared spectroscopy (NIRS), Raman spectroscopy and spatial filtering velocimetry) implemented in a continuous wet granulation process. Besides
the influence of raw material variability upon processability, intermediates and end
products were also investigated.
• Mortier (2014) studied the development of different sub-models for the fluid bed
drying process. These include a single granule drying model, a population balance
model (PBM) for the drying of a population of granules, a mass and energy balance,
and a preliminary fluid dynamics model to study the fluidisation behaviour of the
granules in the six segmented dryer. Besides, various model analysis techniques (e.g.
scenario, sensitivity and uncertainty analysis) were applied to investigate the relation
between the input and output variables of the drying process.
• Kumar (2015) experimentally characterised the material flow and mixing inside the
twin-screw granulation barrel, as well as the particle size and shape evolution along
the length of the granulator. Also, the link between the residence time, axial and
solid-liquid mixing and the resulting granule size distribution was investigated. Based
on this understanding, a theoretical modelling framework was developed for tracking
the particle size evolution in the individual screw blocks of a continuous twin-screw
granulator.
• Vanhoorne (2016) investigated the potential of twin screw granulation for the production of a controlled release formulation with hydroxypropylmethylcellulose (HPMC)
as matrix former. Moreover, the influence of process parameters and formulation
parameters on critical quality attributes of granules and tablets was evaluated for
the controlled release formulations.
• Tavares da Silva (2017) demonstrated the use of process analytical technology (PAT)
concepts for the level 2 supervision of continuous pharmaceutical processes. This was
achieved by applying multivariate statistical process control (MSPC) strategies on
data collected from in-process analysers (e.g. NIR spectroscopy, particle size analysis)
as well as data from univariate sensors (e.g. temperatures, pressures, etc.).
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• In the work of Verstraeten (2018) the twin-screw wet granulation process was analysed
for both hydrophilic and hydrophobic formulations. Granules were manufactured
under different process settings in such a way that the mechanisms occurring in the
individual granulator barrel compartments and their impact upon granule formation
are better understood. In addition, in-process particle size analysers were assessed
for their suitability to determine the particle size directly after fluid bed drying and
milling.
• De Leersnyder (2019) investigated the development of a design space for the continuous wet granulation process, and the effect of pneumatic vs. gravimetric granule
transfer on granule breakage.
• The work of Stauffer (2019) aimed at the transfer of a specific drug product manufacturing process from batch to continuous, understanding the impact of API batchto-batch variability by studying raw material properties, and the development of a
systematic approach for designing robust continuous manufacturing processes that
are able to manage raw materials variability.

PART III
RESEARCH OUTCOMES

CHAPTER 6
Identification of the regulatory process
control layer of a continuous
pharmaceutical manufacturing line

This chapter aims at identifying the dynamics of the regulatory level process control loops
of the ConsiGma™ 25 granulation, drying and milling unit operations. Having a clear
understanding of the sensor and actuator dynamics at this level will provide the foundation for the development of more advanced process control loops at the supervisory level.
Moreover, knowledge of the dynamics induced by the equipment can also be used in the
development of more accurate flowsheet models of the wet granulation line.

6.1

Motivation

As illustrated before in Chapter 3, all process control loops at the regulatory level of the
continuous manufacturing line are directly manipulating the environment to which the
product is exposed, e.g. drying air temperature, granulation shear etc. Their setpoints can
either be defined upfront or they can be actively manipulated during the manufacturing
process to achieve objectives such as reduced variability in the end product quality or
minimised energy consumption (Matero et al., 2013). Whereas the former approach is based
on a fixed manufacturing recipe (level 3 control) the latter is defined based on the derived
design space (level 2 and 1 control) (Yu et al., 2014). Clearly, a detailed understanding of
the governing process behaviour is a prerequisite for such flexible manufacturing operations.
Indeed, this also includes knowledge of the dynamics induced by the regulatory process
control loops, since these are the primary tools used to regulate the processes towards the
desired objective. This chapter therefore aims at identifying the closed-loop behaviour
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of the regulatory control layer. The term identification is used here to denote the act of
deriving a valid mathematical model for the system under study. The tools employed in this
work are empirical in nature. Thus, the mathematical model is constructed solely based
on the information captured in the applied process input and experimentally measured
output data. This is opposed to mechanistic modelling which starts from mass, energy and
momentum conservation equations.
In addition to the system identification part, the resulting closed-loop models are also integrated in the gPROMS software platform (Process Systems Enterprise, London, United
Kingdom). This programming environment is specifically intended for the development
of process simulators also referred to as process flowsheets. Such a flowsheet model can
then be used to simulate the dynamic behaviour of an entire process plant. In fact, such
an integrated model should be seen as a virtual twin of the process which enables rapid
computer based scenario analysis, process optimisation and process design functionalities.
Moreover, the functioning of the process control system can also be simulated and fine
tuned. From an advanced process control point of view, a simulator with high prediction
capabilities is definitely beneficial as it can help in determining the most feasible control
algorithms as well as the required real-time analysers and their optimal location within the
production line (van den Berg et al., 2004; Singh et al., 2013). Yet, a clear understanding of the dynamic behaviour induced by the regulatory control loops is needed to take
full advantage of the flowsheet model but also when developing advanced process control
strategies. For example, Figure 6.1 illustrates the different subprocesses which are involved
in the fluid bed dryer unit operations. Each of those will have an impact on the critical
quality attribute (CQA) of the granules after drying and should ideally be included in
an flowsheet model. As such, this explains the need for valid regulatory process control
models.

6.2

System identification procedure

When characterising and identifying the different control loops of an industrial process, several consecutive steps have to be completed. The next paragraphs describe the procedures
of each step in this identification procedure.
1. Multiple continuous process control loops are implemented at the regulatory level of
the Ghent University continuous manufacturing line. However, not all of them are important from a drug product point of view. For example, there is no indication that the
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Figure 6.1: Subprocesses of the fluid bed drying unit operation. Based on the
work of Vercruysse et al. (2013) and Mortier (2014).

bridge breaker at the inlet of the granulator feeding port affects the material attributes
of the incoming powder or the agglomeration behaviour inside the twin-screw granulator.
Therefore, the process control loop in charge of ensuring a constant bridge breaker paddle
speed should not be considered in this identification study. Therefore, a first step in the
identification procedure is to obtain a detailed understanding of all process control loops.
An overview of the process control loops which are relevant for the drug product is given
in Table 6.1. As shown in this overview, most of these loops are controlled by the centralised programmable logic controller (PLC) which means that they are programmed by
the original equipment manufacturer GEA Pharma Systems, which comes with maximum
flexibility. The implemented direct acting proportional-integral-derivative (PID) control
law is of the non-interacting form. The remaining control loops are all related to motor
speeds, which are directly handled by the respective motor drives. Depending on the power
rating of the motor, either an ABB ACS350-03 or an ACS550-01 variable frequency drive is
used (ABB, Zurich, Switzerland). All drives come with a preprogrammed non-interacting
PID control algorithm for ramp-up and ramp-down operations. Parametrisation is either

146

6.2 SYSTEM IDENTIFICATION PROCEDURE

performed manually or using the auto-tuning function which can be accessed from the
attached control panel.
Table 6.1: Regulatory process control loops of the Ghent University ConsiGma™ 25 line.
Relevant from a drug product point of view.

Twin-screw
granulation

Controlled
Manipulated
Units
Units
variable (CV)
variable (MV)
Powder mass
kg/h
Screw speed
RPM
flow rate
Liquid mass
g/min Pump speed
RPM
flow rate
Motor frequency
Screw speed
RPM
Hz, V
and voltage

Twin-screw
granulation

Barrel
temperature

°C

Heating power

%

TIC04011

PLC

PID

Fluid bed dryer

Inlet air
temperature

°C

Heating power

%

TIC06021

PLC

PID

Fluid bed dryer

Inlet air
flow rate

m3 /h

Fan speed

%

FIC06021

PLC

PID

Mill

Mill speed

RPM

Motor frequency
and voltage

Hz, V

SIC09021

VFD

No feedback

Unit operation
Powder feeder
Liquid addition

P&ID Tag

Controller

Control law

Control parameters

XFIC02011 Unspecified

Unspecified

Unspecified

FC03031

PLC

Conditional

N/A

SIC04021

VFD

PID

Unspecified


P = 0.100
I = 0.005


D = 0.000


P
 = 20.00
I = 200.0


D = 0.000

P = 0.003

I = 0.080


D = 0.000
No feedback

PLC: Programmable logic controller; VFD: variable frequency drive; N/A: not applicable
2. The next step is the actual identification of each process control loop. Figure 6.2
illustrates the different steps involved in this exercise. First, the closed-loop step response
to a setpoint change is evaluated. In the ideal case, the response is stable and the dynamics
of the control loop are infinitely fast. This is referred to as an ideal response because it
implies that the controlled variable is always on setpoint. In process control theory this is
only possible if the system under study is memoryless, also denoted as a process with pure
gain (Ogunnaike and Ray, 1994). In practice this is translated into stating that the control
loop dynamics should be much faster as compared to the mean residence time (MRT)
of the product in that particular unit operation. Indeed, the regulatory process control
loops are in direct control of the environment to which the product is exposed, hence
they also contribute to the final drug product quality. Therefore, a link exists between
both characteristic times which should not be neglected in the scope of advanced process
control. When a process control loop is considered ideal from a practical point of view,
the reference will always be tracked and therefore the system is completely determined by
its setpoint. Hence, no mathematical model is needed to describe its dynamic behaviour.
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In case a process control loop is shown to be non-ideal, a mathematical model needs to be
identified for improved understanding.
3. In the third step of the identification procedure, linearity and time-invariance of the
open loop response needs to be evaluated. See chapter 4 for a rigorous mathematical
description of linear time-invariant (LTI) systems. To practically evaluate whether or not
a system is linear, its inputs are perturbed and the change in the output is monitored. If
the associated gain and dominant time constant are independent of the operating point and
time instance, the system is assumed to be linear and time-invariant over the considered
operating range. The most crucial step in this approach is the definition of the perturbation
signal. Although normal operating data on the data historian contains a lot of valuable
information, it usually does not contain much information on the open-loop dynamics of the
regulatory layer. Hence, a specific excitation signal has to be designed in most cases. This
signal has to be defined in terms of auto-correlation, frequency content and magnitude.
Typical excitation signals are steps, staircases, sinusoids, pseudo-random binary signal,
filtered white noise and sine sweeps. In this work a staircase signal is used because it
allows for straightforward visual determination of the linear operating range as well as
time-invariance (Zhu, 2001).
4. Next, the open-loop input and output data of the staircase experiment is used to calibrate a parametric input-output model. Again, different mathematical frameworks exist
to obtain such a process representation. Here, the prediction error method (PEM) is used
to derive the parameters of an a priori selected model structure (Ljung, 1999). Different
model structures will be evaluated with respect to model fit and parametrisation. Note
that in case of nonlinear process behaviour, a multiple-models approach is required. In
such case local models are developed depending on the operating range and the direction
of process input change. An example is given in the study of Gagnon et al. (2017).
5. The final step in the identification procedure is validation of the input-output model.
Hereto, closed loop experiments of the regulatory process controls will be compared with
closed-loop simulations. A key element in this comparison is the controller characteristics.
Indeed, the same control law and parameters should be implemented for both the experiments and the computer simulations. This information can be obtained from the controller
data sheet as well as the supervisory control and data acquisition (SCADA) software. An
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Figure 6.2: Flowchart of the different steps taken to obtain valid closed-loop
input-output models for the different process control loops of the regulatory
level.
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overview of the different control laws and control parameters of the considered process
control loops is given in Table 6.1.
In the ideal case the regulatory control system is identified when the drug product is
present in the unit operation. From practical and economic reasons this was however not
possible. It was decided to perform all identification experiments without the presence of
pharmaceutical materials inside the unit operations. This is a valid first approach for most
regulatory control loops since most of them are not drastically affected by the presence
of the raw materials. In addition, the generated results are not dependent on a specific
formulation and might therefore be more generic in nature.
Note that all data processing was performed in MATLAB 2017b v9.3 (The MathWorks,
Inc., Natick, MA) using the system identification toolbox 7.4.

6.3
6.3.1

Results and discussion
Twin-screw granulator

The twin-screw granulator of the Ghent University line comes with two process control
loops, i.e. barrel temperature control and screw speed control. From experience it is known
that the dynamics of both loops are very different. While the screw speed is characterised
by a very fast response upon setpoint change, changing the barrel temperature occurs at a
much slower pace because of the substantial thermal mass found in the temperature control
unit. At the same time the MRT of the powder inside the granulator barrel is typically
in between 2 and 10 s (Kumar et al., 2014). This makes the twin-screw granulation unit
operation challenging from an advanced process control point of view.
6.3.1.1

Barrel temperature

Although barrel temperature is shown to have an effect on granule properties such as
friability and size it was not taken into consideration in this study (Vercruysse et al., 2012).
The reason for that is that the temperature control unit is characterised by a relatively
large time constant combined with rather conservative PID control parameters. This makes
that the closed-loop time-to-steady-state can easily exceed 10 min (Figure 5.16). Taking
into account the MRT of the powder inside the granulation barrel, the temperature control
loop is not very attractive from an advanced process control point of view. Thus, the
optimal granulation temperature should ideally be determined upfront.
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6.3.1.2

Screw speed

Screw speed is the second controlled variable of the granulation unit. From experience it
is known that the drive controlling the granulator screw speed is tuned rather aggressively
with respect to setpoint tracking. This is illustrated in Figure 6.3 which depicts the changing screw speed setpoint and the actual screw speed as provided by the SCADA software.
Indeed, the screw speed is capable of tracking its setpoint value within a few seconds after
a change was induced by the operator. However, when the process control system samples
the actual screw speed and subsequently updates the data in the SCADA system at a rate
of 1 Hz, most of the transient behaviour is lost. In fact, such short term dynamic information is important because of the relatively short MRT of the powdered materials inside
the granulator barrel. In the field of digital signal processing this is generally referred to
as aliasing (Prandoni and Vetterli, 2008).
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Figure 6.3: Left: Closed-loop response of the twin-screw granulator screw
speed (process variable (PV)) when subjected to changes in the setpoint (SP).
Right: Comparison of the screw speed measured at a sampling frequency of
1 Hz (PVOP C ) and 10 Hz (PVDirect ).

A solution exists in increasing the sampling frequency up to a minimum of two times the
Nyquist frequency of the system (Prandoni and Vetterli, 2008). From a technological point
of view this is only possible if the data logging by the SCADA system itself is bypassed since
it only allows for sample frequencies up to 1 Hz. To realise this, the analog 4 - 20 mA current
signal coming from the in-shaft surface acoustic wave torque and speed transducer was
directly sampled (Torqsense RWT311-EB, Sensor Technology RTD, Oxfordshire, United
Kingdom). An NI myDAQ data acquisition card was used to measure the voltage drop over
a resistance of 470 ohm in the current loop of the transducer at a sampling frequency of
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10 Hz (Figure 6.4). For data logging purposes, a virtual instrument (VI) was programmed
in LabVIEW 2017 (National Instruments, Ausitn, TX). At same time, the screw speed
coming from the SCADA system was also logged. Hereto, an object linking and embedding
for process control (OPC) client was programmed in the same VI using the LabVIEW
Datalogging and Supervisory Control (DSC) module version 2017. The sample frequency
of the OPC data is limited to 1 Hz.

Figure 6.4: Circuit diagram used to directly measure the analog current signal
generated by the in-shaft torque and speed transducer (PVDirect ).

The resulting measurements in case of setpoint change are shown in Figure 6.3. As expected, the measurement obtained from the SCADA system (PVOP C ) quickly adapts to
the new setpoint. The time-to-steady-state is in the order of 2 to 3 s. However, when
looking at the actual speed of the granulator screws (PVDirect ) it can be seen that the
response is in fact much faster, with a time-to-steady-state of approximately 1.5 s. Hence
part of the observed delay in the OPC data is due to communication jitter. At minimum,
a delay of 1 sample period, or 1 s, is expected for the measurements stored in the data
historian. Knowing that the actual screw speed reacts relatively fast, it was concluded
that the behaviour of this process control loop is near ideal. Therefore it does not require
further identification in terms of a mathematical model.
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Fluid bed dryer

The six segmented fluid bed dryer of the Ghent University line comes with two regulatory
process control loops. On the one hand the inlet air temperature is controlled, on the
other hand the inlet air flow rate is controlled. It is expected that the dynamics of the
heater will depend on the air flow rate. In a first identification attempt this was however
not taken into account. If necessary a very similar approach as denoted below should be
applied. Also note that the relative humidity of the inlet air cannot be controlled by the
air handling unit installed at Ghent University.
6.3.2.1

Inlet air temperature

From experience it is known that closed-loop response of the inlet air temperature is far
from ideal. Meaning that setpoint changes and dryer start-up can take several minutes.
Therefore, open-loop staircase testing is required. The open-loop manipulated variable
(MV) in this case is the heating power applied to the resistive heating element present
in the air handling unit. The heating power itself is expressed as a percentage of the
maximum allowed power as defined by the thyristor unit used to actuate the heating
element. The controlled PV in this case is the inlet air temperature. This is measured
using a combination sensor (i.e. temperature and relative humidity) mounted in the dryer
inlet ductwork. Figure 6.5 shows the response of the drying inlet air temperature when
changing the heating power in steps of 10 %. Note that the gaps in the temperature signal
are due to the fact that individual experiments were combined on a single figure.
A first important observation is the extensive period of time it takes to reach a stable inlet
temperature (> 1h). The system is thus characterised by a relatively large time constant.
Indeed, it is known that a large thermal mass in the case of voluminous systems results
in relatively slow system dynamics. Hence, high frequent manipulations of the heating
power will be completely absorbed or dampened by the system itself. Another important
observation is the relatively quick initial response of the system. Such behaviour is typically
associated with a first order dynamics. Higher order systems come with a slower sigmoidal
or S-shaped response which is not the case here. Oscillatory behaviour is also not present
in the open-loop response. For enhanced interpretation, the different step responses are
superimposed on the right hand side of Figure 6.5. Visually, all systems responses are
indeed identified as first order. When looking in more detail to the initial part of the
response a delay will also appear. However, the time delay is relatively small as compared
to the dominant time constant of the system.
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Figure 6.5: Left: Normalised open-loop response of the inlet drying air temperature (PV) when the heating power (MV) is excited using a staircase test
signal. Right: Superposition of the positive and negative temperature responses.

In a next step, the open-loop step response data was used for model calibration. Indeed, not
all open-loop responses have exactly the same dominant time constant and process gain.
However, these differences are so small that they will be neglected. Hence, the open-loop
response of the drying inlet air temperature system is assumed linear. This also implies
that all open-loop data will be used in one and the same identification procedure. Using
the system identification toolbox, the discrete-time output-error (OE) model structure
was found to describe the individual excitation experiments with sufficient accuracy, i.e.
individual model normalised root-mean-square error (NRMSE) less than 10%. The outputerror (OE) model structure assumes that the measured output of the system y[k] consists
of an error-free and thus completely determined output ξ[k] augmented with white noise
e[k] (Keesman, 2011).
y[k] = ξ[k] + e[k]

(6.1)

Because the sampled system is dynamic and causal in nature the first term is formulated
in function of its past and the input applied to the system.
ξ[k] + f1 ξ[k − 1] + f2 ξ[k − 2] + · · · + fnf ξ[k − nf ]
= b1 u[k − 1] + b2 u[k − 2] + · · · + bnb u[k − nb ]

(6.2)
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Using the backward shift operator z −1 this difference equation can be rewritten as
B(z)
u[k] + e[k]
(6.3)
F (z)
P b
Pnf
fk z −k . Using the available open-loop step
with B(z) = nk=1
bk z −k and F (z) = 1 + k=1
response data in both excitation directions, the three parameters of a first order plus time
delay OE model were derived. Although higher order models could be obtained with better
fits, a first order model structure was chosen in order not to overfit the resulting model.
y[k] =

(

B(z) = 0.0008177 z −25
F (z) =

1 − 0.999 z −1

(6.4)

An important aspect of all discrete time models is their dependency on the sampling period
T which is implicitly incorporated in the backward shift operator. Since the goal of the
identified model is to simulate the closed-loop behaviour of the actual system, the sampling
period should exactly match the scan rate of the controller. Calculation of the PID control
action is typically executed by means of a cyclic interrupt which ensures exact timing. For
the Siemens S7-300 PLC of this continuous manufacturing line, organisation block (OB)
35 is used to calculate the PID control action at a frequency of 1 Hz. Hence, the model
was also constructed using data sampled at 1 Hz. Using the sampling period, the discrete
time model is converted into a continuous time model using a zero-order hold transform.
0.001309 −24 s
e
(6.5)
s + 0.001319
The result is a transfer function with a static gain Ks = 0.992 °C/% and a time constant
τ = 758 s. The open-loop step response of this model is visualised in Figure 6.6. As
expected, the model describes the average behaviour of the different experiments. Despite
this averaging effect, the calibrated model can be considered a good approximation of the
system’s dynamics for the entire operating range.
GT (s) =

In the next step the calibrated model is validated in closed-loop. Hereto, the PID control
law and parameters of the temperature control loop were obtained from the SCADA software (Table 6.1) with P = 20, I = 200 and D = 0. In fact, the control law used in this
case is of the proportional-integral (PI) type. Actuator saturation also has to be taken
into account, in this case the heating power upper saturation limit is set at 100 % and
lower saturation limit at 5 %. To prevent reset windup, a conditional integration scheme
is used which clamps the error when saturation is reached. Discrete calculation of the
integral term is done using the backward Euler scheme. The setpoint value for the inlet
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Figure 6.6: Open-loop temperature response of the OE model after calibration.

air temperature was varied using arbitrarily chosen steps. For clarity, a difference is made
between setpoint changes in the positive and negative direction. The results are depicted
in Figure 6.7 and ??. Note that the experimental inlet air temperature was only sampled
every 50 s for these validation experiments.
The validation results for the inlet air temperature show that the first order OE model is
fairly good in predicting the actual closed-loop response of the fluid bed dryer temperature
loop. While not completely capturing the effects of the various static gains and time
constants of the individual step response data, the model predictions are undeniably in
close agreement with the experimental data. The most accurate predictions are obtained
when small step changes are applied within the operating range of 50 to 70 °C. To have
an idea on the simulation error, the root-mean-square error (RMSE) was calculated. For
changes in the positive direction the RMSE = 0.53 °C and for the negative direction the
RMSE = 0.28 °C.
In addition to the inlet air temperature response, the control action applied by the controller in both simulation and experiment can also be compared. Again, the heating power
applied in both cases behaves very similar in terms of transient behaviour. Moreover, the
saturation of the actuator is also captured. However, the control action proposed by the
model is not very accurate directly after saturation was reached. In fact, a steady-state offset exists resulting in an under-prediction for the positive direction and an over-prediction
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for the negative direction. This indicates that the modelled static gain is lower than the
one of the actual system. This was to be expected since the OE model was calibrated for
an average process response.
Ultimately the model of this regulatory process control loop can help in the development
of an advanced process control strategy with flexible process settings. In this respect,
an important characteristic of the closed-loop system is the time required to achieve the
new setpoint value within a 1 % error, i.e. the settling time. In theory, this value can be
calculated from the closed-loop transfer function Gcl = Y (s)/Ysp (s) = GT (s)Gc (s)/(1 +
GT (s)Gc (s)) and is approximately 130 s. In practice however, the closed-loop system comes
with nonlinearities due to actuator saturation. Hence, the closed loop transfer function Gcl
is not valid as it depends on the size of the step change and the actual value of the operating
point. Using the data from the closed-loop experiments, an estimate of the settling time
is derived (Table 6.2). As expected, the larger the setpoint change the longer it takes for
the system to reach the new setpoint value. In fact, this can also be observed in Figures
6.7 and ??. Where larger setpoint changes result in longer saturation times of the actuator
at its upper or lower limit. Moreover, changes in the negative direction can take much
longer as compared to changes in the positive direction. This is related to the design of
the system, i.e. active heating versus passive cooling.
Table 6.2: Estimated settling times for different step sizes of the inlet drying
air temperature setpoint.
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An obvious next step would be to use the validated model for in-silico control loop tuning.
This is however not further elaborated in this work. One of the reasons for not doing so is
related to the closed-loop response of the actuator. Indeed, the validation experiments have
clearly shown that there is little room for performance improvement because of actuator
saturation. From a process control point of view this shows that the physical nature of the
process, which is in fact dictated by the process design, prevails over the controller.
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Figure 6.7: Top left: Closed-loop experimental and simulation results for
the inlet air temperature subject to positive setpoint changes. Bottom left:
Control-actions applied by the simulated controller and the PLC of the ConsiGma™ 25 line in case of positive setpoint changes. Top right: Closed-loop
experimental and simulation results for the inlet air temperature subject to
negative setpoint changes. Bottom right: Control-actions applied by the simulated controller and the PLC of the ConsiGma™ 25 line in case of negative
setpoint changes.
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6.3.2.2

Inlet air flow rate

Similar to the temperature control loop, the drying air inlet flow rate was evaluated using
open-loop staircase testing. The MV is the fan speed whereas the controlled PV is the air
flow rate measured in the ductwork before the fluid bed dryer. In fact, this is a cascade
control structure with a slave and master loop, for respectively control of the motor fan
speed and control of the actual inlet air flow rate. The slave loop is handled by a frequency
drive, whereas the master is programmed on the centralised PLC. In this case, the overall
process behaviour is of interest. Hence, the open-loop step response is a combination of
the dynamics of both the slave and the master process. Yet, the open-loop dynamics of the
slave are assumed to be near ideal, i.e. much like the granulator screw speed control loop.
This makes that the observed transient will most likely be dominated by the behaviour of
the master process.
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Figure 6.8: Left: Normalised open-loop response of the inlet drying air flow
rate (PV) when the fan speed (MV) is excited using a staircase test signal.
Right: Superposition of the positive and negative flow rate responses.

Regarding the excitation experiments, the fan speed was manipulated using arbitrarily
timed steps with a magnitude of 10 %. The resulting normalised response is given in
Figure 6.8. As expected, the open-loop response of the inlet air flow rate subsystem is
much faster as compared to the inlet air temperature subsystem with a 1 % settling time
of approximately 35 s. Moreover, there seems to be no time delay in between setpoint
change and system response. For both the positive and negative step changes overshoot
is observed. This indicates underdamped higher order behaviour of the open-loop system.
Note that the overshoot is less pronounced when the MV is excited in the negative direction.

CHAPTER 6 IDENTIFICATION OF THE REGULATORY PROCESS CONTROL LAYER OF A CONTINUOUS
PHARMACEUTICAL MANUFACTURING LINE

159

For enhanced interpretation, the different open-loop step responses in both the positive
and negative directions are superimposed on the right hand side of Figure 6.8. This graph
confirms that there is a difference between the response in the positive and negative direction. The positive response seems to reach peak values up to almost 20 % of the steady
state, whereas the peak values of the negative response are limited to around 10 % of the
state state. Moreover, the static gain varies depending on the operating range. For openloop perturbations below 20 m3 /h lower gains are observed. This is in fact determined by
the motor rating and fan mechanical design. Such non-linearity could be compensated for
through the use of adaptive process controllers, e.g. gain scheduling. In practice however,
the operating region below 30 m3 /h was not considered relevant for most drug product
formulations. Indeed, too low air flow rates could result in bad granule fluidisation and
thus result in unreasonable drying times. Hence, this work only considers air flow rates
above 20 m3 /h. Also note that the open-loop time constant for the positive changes is very
similar for the different MV steps whereas this is not the case for the negative steps.
Next, the open-loop step response data was used for model calibration. Also here different
empirical input-output model structures were evaluated in terms of fit. As opposed to
the inlet air temperature, different models have to be identified. This because there is
a significant difference between the positive and negative flow rate response. Again, the
output-error (OE) model structure is considered an appropriate candidate to describe the
observed dynamics. Characteristic to this model structure is the fact that it completely
decouples the plant and noise model. The discrete-time model in the z-domain is given
below together with its continuous-time description in the s-domain.

(
+

B(z) = 0.442 z −1 + 0.395 z −2
F (z) = 1 − 1.599 z −1 + 0.713 z −2

GF + (s) =

s2

0.998
+ 0.338 s + 0.136

(
-

B(z) = 0.327 z −1 + 0.125 z −2
F (z) = 1 − 1.780 z −1 + 0.807 z −2

GF - (s) =

s2

0.249 s + 0.225
+ 0.214 s + 0.031

(6.6)

(6.7)

Both the positive and negative model are characterised by a second order denominator with
left half-plane complex conjugate poles. These explain the stabilising oscillatory behaviour
of the step response. For the continuous-time model explaining the flow rate changes in
the positive direction, GF + , the zero is cancelled out. This is not the case for the model
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calibrated for flow rate changes in the negative direction, GF - . In the latter case, the
additional left half-plane zero stabilises the step response. This is shown in Figure 6.9.
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Figure 6.9: Open-loop flow rate response of the OE model after calibration.

After open-loop model calibration comes the closed-loop model validation. Hereto, the
closed-loop dynamics of the model will be evaluated against closed-loop data obtained
from physical experiments. The PID control parameters were obtained from the SCADA
software (Table 6.1) with P = 0.003, I = 0.080 and D = 0. In fact this is a control loop
of the PI type. Considering the normal operating range of the fan, actuator saturation is
not an issue for this control loop. Validation of both the positive and negative model is
performed with the help of different experiments. The setpoint values and timings were
arbitrarily chosen. The result for respectivly the positive and negative model is shown in
Figures 6.10 and 6.11. In this case the experimental data is sampled every 25 s.
The simulated closed-loop response and experimental observations for the flow rate align
very well. In fact, this was expected since both are operated in closed-loop and should thus
converge towards the setpoint. The simulation error, expressed as the RMSE, is calculated
for both models. For setpoint changes in the positive direction the RMSE = 0.92 m3 /h and
for changes in the negative direction the RMSE = 2.05 m3 /h. These performance metrics
show that the latter model, GF - , is less accurate as compared to GF + . When placing these
results in perspective of an absolute flow rate value of 300 m3 /h, the error is still < 1 %.
This still indicates good prediction performance of both models.
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Figure 6.10: Left: Closed-loop experimental and simulation results for the
inlet air flow rate subject to positive setpoint changes. Right: Control-actions
applied by the simulated controller and the PLC of the ConsiGma™ 25 line.
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Figure 6.11: Left: Closed-loop experimental and simulation results for the
inlet air flow rate subject to negative setpoint changes. Right: Control-actions
applied by the simulated controller and the PLC of the ConsiGma™ 25 line.
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Besides the actual flow rate, the control action calculated and applied by the controller can
also be compared for the validation experiments. Again, very good prediction results are
obtained for both models. When looking in more detail, there seems to be a small offset
between data and model. This offset becomes larger whent the step size increases. For the
fan speed predictions the RMSE does not exceed 1 % for both the positive and negative
model.
The closed-loop 1 % settling times for both GF + and GF - are very similar, i.e. approximately
110 s. Although the models are different, the conservative PID control parameters ensure
that the response is very similar in the positive and negative direction. Again, the control
parameters can be fine tuned using different tuning rules. However, this is not further
elaborated in this work. One of the reasons is that the impact of more aggressive tuning
parameters could lead to exceptionally high mechanical stresses on the fan blades. In
a worst case scenario this could result in breaking the fan blades. That explains why
conservative control parameters were programmed by the equipment manufacturer during
equipment commissioning.
6.3.2.3

gPROMS implementation

Following the previous identification steps, the closed-loop models for both the inlet air
temperature and flow rate were implemented in the advanced modelling platform gPROMS
FormulatedProducts v1.2.1 (Process Systems Enterprise, London, United Kingdom). As
mentioned before, this should allow for the integration of the regulatory control loops in
a flowsheet model of the continuous wet granulation and tabletting line. Custom process
models in gPROMS are implemented using the ModelBuilder module, whereas off-theshelve models are available from the different model libraries. In this work, the ModelBuilder was used to implement the open-loop models of the temperature and flow rate
subsystem of the fluid bed dryer. The implementation of the PID controller and timedelay were reused from the general Process Model Library. The resulting model topology
is shown in Figure 6.12.
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Figure 6.12: User dialogue in gPROMS to specify the PID control parameters
and the saturation limits of the inlet air temperature control loop.

In gPROMS, dynamic models have to be specified as ordinary or partial differential equations in the time domain. For a first order system the inverse Laplace transform can be
used with zero initial conditions, i.e. y(t0 ) = 0.

G(s) =

Y (s)
Ks −τd s
=
e
U (s)
τs+1

dy(t)
τ
+ y(t) = Ks u(t − τd )
dt

(6.8)

With Ks the static gain, τ the characteristic time constant and τd the time delay. For a second order system the following conversion holds taking into account zero initial conditions,
i.e. y(t0 ) = 0 and dy(t0 )/dt = 0.
Y (s)
Ks
= 2 2
e−τd s
U (s)
τ s + 2ζ τ s + 1
2
d y(t)
dy(t)
+ 2ζ τ
+ y(t) = Ks u(t − τd )
τ2
2
dt
dt
G(s) =

With ζ the damping ratio of the system.

(6.9)
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In the case of the drying air flow rate, a model for each direction of the MV exists. The
most straightforward way of implementing this in the gPROMS platform is by using a case
structure (Figure 6.13). Although this is not an ideal solution with respect to numerical
stability in case of closed-loop control, it was considered sufficient for this work.
For the sake of completeness, Figure 6.14 illustrates the open-loop system response in
gPROMS when compared to the results obtained in MATLAB. Indeed, the numerical
solution of both modelling platforms is comparable for both fluid bed dryer subsystems.
6.3.3

Mill

The impeller speed of the co-mill can be manipulated though the SCADA software. Hereto,
a variable frequency drive (ABB ACS550, ABB, Zurich, Switzerland) regulates the AC
frequency and voltage applied to the induction motor which drives the impeller. As noted
before in Chapter 3, there is no sensor in place to provide feedback on the actual mill speed
for the Ghent University line. The impeller speed is thus entirely determined by the AC
frequency generated by the frequency drive. Hence, this regulatory subsystem is operated
in open-loop which does not account for process disturbances. For a three phase induction
motor the following relationship holds to calculate the rotor speed Nr of the motor in RPM.
Nr = Ns (1 − g) =

60 f (1 − g)
p

(6.10)

With Ns the stator speed [RPM], f the AC frequency generated by the frequency drive
[Hz], p the number of pole pairs in the motor stator [-] and g the motor slip between rotor
and stator [-]. For example the theoretical maximum rotor speed of an AC motor with

Figure 6.13: gPROMS implementation of the multiple models approach for
the inlet air flow rate subsystem using a case selector.
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Figure 6.14: Comparison of the open-loop numeric solution obtained in MATLAB and gPROMS for inlet drying air temperature (left) and flow rate (right).

single pole pairs and operated on the 50 Hz is 3000 RPM. In practice this is lower due to a
slip which is typically in between 1 and 5 % depending on the motor rating and the load.
Hence, in order to operate the mill in open-loop the frequency drive has to be calibrated to
compensate for the difference induced by the slip of the asynchronous induction motor. As
in every open-loop operated system there might be disturbances which are not compensated
for. Regarding system identification, it is also not possible to derive a mathematical model
if the output of the system cannot be measured. In our experience, however, the dynamics
of the drive and motor of the mill are relatively fast which implies an ideal closed-loop
response. This is very similar to the granulator screw speed control loop.

6.4

Conclusion

In this chapter the closed-loop dynamics of the regulatory process controls implemented
on the granulation, drying and milling unit operation were successfully identified.
Speed control of the twin-screw granulation screws was investigated in detail. It was
shown that the signals coming from the SCADA system are subject to communication
jitter. Nevertheless, the actual screw speed measured by the analog sensor, tracks the
setpoint within 1.5 s after a change was induced. This leads to the conclusion that the
granulator screw speed control loop exhibits ideal tracking performance.
Regarding the fluid bed dryer, both temperature and flow rate of the closed-loop simulations were in very good agreement with the experimental data. Not only for the controlled
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output, but also in terms of the applied control action. With these models at hand, a first
estimation of the closed-loop process behaviour can thus be realised. Both control loops
were also implemented as custom models in the gPROMS FormulatedProducts advanced
modelling platform. Experimental work and simulations showed that both the closed-loop
temperature and flow rate dynamics are relatively slow, i.e. settling times > 100 s. The
latter makes the implementation of more sophisticated setpoint control strategies rather
challenging. Moreover, one should not forget the segmented design of the fluid bed dryer.
Although the granules in the six segments are physically separated, the process conditions
in each cell can not be regulated separately. Therfore, adding additional complexity to the
development of an advanced process control strategy.
Finally, the impeller speed of the mill was studied. It appeared that this unit is operated
in open-loop without a feedback mechanism. Hence, model identification was not possible. Considering the electromechanical nature of this regulatory process, its closed-loop
response is assumed to be ideal which does not necessarily mean that the setpoint can be
achieved.
Considering the process dynamics and practical challenges studied in this chapter, it was
concluded that the continuous dosing and twin-screw granulation units are the most attractive in terms of more advanced process control. Above all, some of the most important
intermediate CQAs such as granule size and granule active pharmaceutical ingredient (API)
content are primarily determined by these first two unit operations. This explains why the
next chapters of this dissertation will focus solely on the implementation of more advanced
measurement tools and control loops for the material dosing and twin-screw granulation
unit operations.

CHAPTER 7
The residence time distribution model as a
soft sensor in continuous pharmaceutical
manufacturing

Traceability of materials along the entire supply chain is of major importance in the pharmaceutical industry. A track and trace system is typically in place which identifies the
history and future of a drug product in terms of processing, storage and location starting
at the manufacturing site all the way to the patient’s hands. Not only does this system
help in isolating drug products in case of a recall event, it also prevents the manufacturing
of out-of-specification (OOS) products in the first place. When operating a continuous
line this is however not that straightforward because different raw material batches might
be processed during the same production campaign. To practically solve this material
tracking question, a residence time approach can be adopted. The aim of this chapter is
to introduce residence time modelling and its applicability as a soft sensor in a continuous
manufacturing setting.

7.1

Material tracing: batch vs. continuous

Product tractability is an essential part of the pharmaceutical industry to assure patient
safety. This means that at each point in the supply chain, all the information regarding the
past and future of products needs to be available. To orchestrate these flows of information,
Redrafted from: J. Rehrl, A.-P. Karttunen, Nicolaï, N., T. Hörmann, M. Horn, O. Korhonen, I.
Nopens, T. De Beer, J.G. Khinast, (2018), Control of three different continuous pharmaceutical manufacturing processes: Use of soft sensors, International Journal of Pharmaceutics, 543(1-2):60-72
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different digital technologies are implemented at the manufacturing site, the distribution
centres and the dispensers to the patients. Clearly, this requires tremendous management
efforts at different levels of operation and time scales.
Drug product manufacturing is considered a critical step in the traceability along the pharmaceutical supply chain. This because different drug components are combined into a final
product. In traditional batch processes, each of the components is weighted individually
and subsequently added to a batch unit operation. When the operation finishes materials
are transferred to the next unit operation, which might add another component, and so
on. As such, it is quite straightforward to maintain the overview of which materials end up
in which final product because the batch numbers for each of the individual components
added along the process were recorded. In contrast, continuous processes are characterised
by a continuous flow of material passing through them, meaning that different raw material
batches of the same component have to be added to the process over time. Because there
is a certain amount of axial mixing involved in most continuous unit operations, the final
drug product could be comprised of multiple raw material batches of the same component
yet different processing history. In order to implement material traceability on a continuous manufacturing line, it should thus be understood how long each component resides
within the line. This fundamental question can be answered by studying the residence time
distribution (RTD) of the continuous system. RTD modelling allows to make predictions
as to when a change in component batch will reach the outlet and when the previous batch
will be fully cleared.

7.2

Residence time modelling

Continuous pharmaceutical manufacturing lines are composed of various unit operations
with different operational strategies and thus material flow regimes. It is important to
make a clear distinction between sub-processes characterised by continuous operation and
discrete (or discontinuous) operation (Khinast and Bresciani, 2017). Ideally continuously
operated units exhibit either a first-in first-out behaviour, also known as a plug flow reactor
(PFR), or a completely mixed behaviour referred to as a continuous stirred tank reactor
(CSTR). In practice, most continuous unit operations exhibit a flow regime which is found
in between both extremes, this is known as non-ideal flow (Paul et al., 2004). From a
material tracking point of view, a PFR is preferred. However, from a product quality
point of view a CSTR is typically preferred for certain unit operations because of its ideal
damping characteristics. Regarding unit operations with a discrete operating nature, ideal
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plug flow is assumed. In this case, the size of the plug is defined by the amount of material
residing in the discrete unit. Within such a material plug, the material characteristics
are assumed to be uniform. In fact, this is similar to the continuously operated plug flow
systems, the only difference being the plug size.
In the case of continuously operated systems, it is key to understand when materials
enter and how long they reside within a unit operation. This is referred to as the study
of temporal mixing and can be answered experimentally by determining the RTD of a
system. Example RTD studies relating to the field of continuous oral solid dosage (OSD)
manufacturing are provided in Chapter 3. In all of these cases, the RTD is defined as
a fundamental axial mixing characteristic E(t) which quantifies the probability of a solid
particle or liquid volume to remain within a continuous unit for a specified amount of time.
For ideal flow systems the RTD is given by
(
CSTR:

E(t) = e−t/t̄
E(Θ) =

e−Θ

(
PFR:

E(t) =

δ(t − t̄)

E(Θ) = δ(Θ − 1)

(7.1)

With t̄ the mean residence time (MRT). To simplify the comparison of multiple RTDs, the
time scale of the RTD can be normalised with respect to the MRT, i.e. Θ = t/t̄.
However, some continuous flow unit operations do not behave like one of the two aforementioned cases. Consider for example large-scale equipment with partial mixing because
of channels, short circuits or dead-zones. For such unit operations with non-ideal flow,
different models can be applied. The most widespread are the axial dispersion and tanksin-series (TIS) model (Fogler, 2016). The axial dispersion model originates from the field of
statistical physics and was first introduced by Fokker and Planck, hence the name FokkerPlanck equation (Equation 7.2). In fact, it is formally identical to the convection-diffusion
equation (Kehlenbeck, 2006). Taking into account the initial concentration C(0, x) of a
specific particulate material in the system and the boundary conditions of the system,
the characteristic RTD of the system E(t) can be found by solving the partial differential equation underlying the dispersion model and normalising the obtained concentration
profile.
∂ 2C
∂C
∂C
=D
−
v
x
∂t
∂x2
∂x

(7.2)
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With C(x, t) the concentration of a component at axial position x and time t of the system,
D the dispersion coefficient, and vx the overall axial velocity. Again, this can be normalised
with respect to time but also with respect to the axial location. This is done through the
introduction of the normalised length λ = x/L, with L the characteristic length of the
system. Ultimately, this results in the following normalised axial dispersion model.
1 ∂ 2 C ∂C
∂C
=
−
∂t
P e ∂λ2
∂λ

(7.3)

With C(λ, Θ) the concentration of a component at the normalised axial position λ and
normalised time Θ, and P e the Peclet number which represents the dimensionless dispersion
coefficient calculated as P e = vz L/D. The latter is also referred to as the Bodenstein
number Bo in reacting systems. Note that the value of this parameter is determined both
by the equipment configuration, process settings and the material properties. The higher
the Peclet number, the more the system approximates an ideal PFR, while lower Peclet
numbers indicate ideal mixing as is the case for the CSTR.
Another commonly used model for non-ideal flow systems is the TIS model. In its simplest
form, the model represents a series of N CSTR tanks in series, each with the same constant
volume and without interaction. The result is a one-parameter model for the RTD (Fogler,
2016). The closer N is to unity, the higher the degree of mixing and vice-versa.
E(Θ) =

N (N Θ)N −1 −N Θ
e
(N − 1)!

(7.4)

Modifications of this one-parameter TIS model have been proposed to describe other nonideal flow behaviours. One example given by Kumar et al. (2015) takes into account an
initial plug-flow volume fraction represented by p, and a derived parameter b = n/(1 − p).
E(Θ) =

b[b(Θ − p)]N −1 −b(Θ−p)
e
(N − 1)!

(7.5)

To derive the tanks in series model of Equation 7.4, a mass balance approach needs to be
adopted taking into account an impulse input of tracer. With Ci (t) the input concentration
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signal, Co (t) the output concentration, and t¯i the mean residence time for tank i = 1, . . . , N
(Levenspiel, 1999).

dC1 (t)


=
Ci (t) − C1 (t)
t̄1


dt




 t̄ dC2 (t) =
C1 (t) − C2 (t)
2
dt



...





 t̄ dCo (t) = C
N −1 (t) − Co (t)
N
dt

(7.6)

Interestingly, the resulting system of ordinary differential equations can easily be represented in the Laplace-domain. For the one-parameter normalised TIS model the following
continuous-time transfer function is obtained when assuming zero initial conditions.
G(s) =

Co (s)
1
=
Ci (s)
(s + 1)N

(7.7)

Note that this transfer function is generic in nature, i.e. for arbitrary input concentration
signals Ci (t) the output concentration Co (t) can be calculated. For the special case that
the input concentration signal is a Dirac impulse Ci (t) = δ(t) or L(Ci (t)) = Ci (s) = 1, the
output of the system in the time domain can exactly be described by Equation 7.4. In the
same way the plug-flow volume fraction can be incorporated. This leads to the following
transfer function with dead-time component td .
G(s) =

1
e−td s
(s + 1)N

(7.8)

As mentioned before, the TIS model assumes constant and similar volumes. In case the
initial tank volumes are not the same with different individual mean residence times ti ,
Equation 7.8 can be extended with multiple time constants τi with i = 1, . . . , N .
G(s) = QN

1

i=1 (τi s +

1)i

e−td s

(7.9)

Although the TIS model originates from an intuitive mechanistic understanding of nonideal flow systems, it is completely determined by experimental data. Moreover, the obtained values for parameters such as the number of tanks and the plug flow fraction provide
little mechanistic understanding of a flow system. As such, the TIS model should be interpreted as an empirical relation.
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Having defined the RTD of a flow system, it is important to look into its restrictions. A
major limitation of RTD models is the fact that they only consider bulk material flow or
macromixing. As such they are not capable of providing insights on the spatial-, radialor micromixing of material streams within unit operations (Paul et al., 2004). An example, in the field of continuous pharmaceutical manufacturing, that clearly illustrates this
is provided by Van Snick et al. (2017b). This study on low-dose acetaminophen manufacturing in a continuous direct compression (CDC) line reported good macromixing within a
continuous powder mixer based on experimentally obtained RTDs. Yet, poor micromixing
was reported a result of a limited amount of strain and shear applied on the active pharmaceutical ingredient (API), which led to occasional super potent tablets. The problems
encountered were related to the cohesive nature of the API. In fact, API agglomerates were
formed during feeding which would not delump properly during continuous mixing.
This clearly illustrates the need to include local mixing phenomena in predictive models of
flow systems. For fluids handling processes, such phenomena can be predicted fairly accurately using computational fluid dynamics (CFD). In contrast, modelling of solids-based
processes has to deal with the particle-continuum duality of particulate materials. That is,
the bulk behaviour of particulate flows is determined by the phenomena taking place at the
particle level (David, 2008). Over the last decades, different modelling frameworks such
as the discrete-element method (DEM) and population balance models (PBM) have tried
to tackle this complexity with varying degrees of success. An overview for pharmaceutical
unit operations is provided by Ierapetritou et al. (2016) and Suresh et al. (2017). A more
recent study, provided by Toson et al. (2018), illustrates how DEM simulations of a vertical
continuous mixer are used to derive a valid TIS model completely in-silico. Indeed, such
digital approaches are highly desired because they provide answers without the need for
experimental testing.

7.3

RTD measurements

Standard methods for conducting RTD experiments as well as using the data have not yet
been developed in the field of continuous pharmaceutical manufacturing (Escotet-Espinoza
et al., 2019). One way of determining the RTD of a continuous flow system is through what
is called spatial particle tracking. Different techniques exist, one of them being positron
emission particle tracking (PEPT) in which a single radioactive labelled particle is tracked
while flowing in an opaque system using an array of external photomultipliers. An example
for continuous powder mixing is given by Portillo et al. (2010), whereas for twin-screw wet
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granulation the study of Lee et al. (2012) provides additional insight. It is clear that
such radioactive tracers testing comes with a great deal of practicalities which prevents its
application in routine RTD testing.
In practice, nearly all RTD studies are therefore based on what is called stimulus-response
testing. That is, applying a determined material flow rate of inert tracer material at the
entrance of the continuous flow system and measuring its transient concentration at the
end of the system. Different types of tracer excitation signals can be used. For example, in
washout step experimenting the continuous inflow of tracer material is abruptly stopped.
This leads to a decreasing tracer concentration at the system outlet that eventually reaches
zero. The latter offers the benefit of a well determined endpoint, however its major drawbacks are related to the fact that it uses vast amounts of tracer material and the issue
that the tracer concentration will eventually fall below the detection limit of the analytic
instrumentation. Positive step and impulse testing offer solutions to these issues (Paul
et al., 2004). Note that these stimulus experiments are in fact analogous to the excitation
testing in time domain system identification. The only difference is the field of application.
Besides the type of excitation signal, the method of tracer detection can also be varied.
A distinction is made between offline and in-line detection. An example of the former is
manual grab sampling combined with analytic testing in the quality control lab (Gao et al.,
2011). It must be clear that this is only feasible for processes with a relatively wide RTD
which provide enough time for sampling. In contrast, in-line techniques can be applied
for fast continuous processes such as those typically found in a continuous pharmaceutical
manufacturing line. Examples of in-line tracer detection techniques applicable in pharmaceutical OSD manufacturing are near-infrared (NIR) spectroscopy (Martinetz et al., 2018),
image analysis (Mangal and Kleinebudde, 2017; Kruisz et al., 2017), and NIR chemical
imaging (Kumar et al., 2014). In all of these studies, concentration profiles of the individual unit operations are determined rather than a single profile for the entire continuous
line. After the actual detection of the tracer, a normalisation step follows which converts
raw concentration data into the equipment and material specific RTD. This data can then
be used to calibrate the parameters of a chosen RTD model.

7.4

The RTD model as a soft sensor

RTD data and models contribute to an in-depth understanding of the amount of axial
mixing involved in a continuous unit operation. Ultimately, this knowledge can be used
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in real-time to track and divert out-of-specification (OOS) materials as well as to apply
corrective actions during manufacturing campaigns. In this way, analysers which measure
concentrations along the continuous manufacturing line can be augmented or completely
replaced by predictive RTD models. In the process industry this concept is referred to
as a soft, virtual or inferential sensor (Fortuna et al., 2007). The basic idea is to use
readily available secondary variables such as univariate process parameters together with a
model to estimate in real-time a desired primary variable, e.g. intermediate or final critical
quality attributes (CQAs). In the context of continuous pharmaceutical manufacturing
and material tracking, this translates to the use of univariate mass flow rate data together
with an RTD model to predict intermediate and final drug product composition.
There are multiple reasons underlying the adoption of a soft sensor strategy to predict API
composition (Ierapetritou et al., 2016). The most common being the absence of robust
instrumentation which allows for real-time monitoring of a variable of interest. Indeed, in
the case of pharmaceutical OSD manufacturing, measuring the characteristics of particulate
streams is known to be challenging because of probe fouling and sample presentation
(Fonteyne, 2014). Moreover, the analytic instrumentation might not be selective for certain
APIs or come with problematically high detection limits which prevents its application in
the manufacturing process of low-dose API products. Most of the analytic instrumentation
also depends on multivariate calibration models which have to be defined upfront and
maintained over the years. Besides, transfer of calibration models to different instruments
using the same measurement principle is not guaranteed and often requires transformation
(Brouckaert et al., 2017). Even if those requirements are all met, the capital and operational
costs that are associated with advanced process analysers can still prevent their usage in
a commercial manufacturing setting.
It is clear that RTD models for real-time prediction have a lot of advantages. However,
there are still a number of challenges to be tackled before such an approach will become
widespread. Currently, the main barrier is the fact that RTD models are formulation
dependant. This means that the parameters in the model equations depend on intrinsic
physical attributes (e.g. particle size and shape, surface properties, etc.) as well as bulk
properties (bulk density, cohesion, flow) of the raw materials. Since pharmaceutical powders and blends come with a wide range of material attributes, it requires a huge amount
of time and funds to derive RTD models for each product on an experimental basis. In
addition, one should also consider the immense amount of waste generated when priming
the line. One way to overcome this is by using a raw material property database that aims
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at clustering different materials based on their shared attributes. In this way, empirical
relations can be used to estimate the RTD model parameters in-silico for new products
(Escotet-Espinoza et al., 2018). In the same way as the material attributes influence the
RTD model parameters, the equipment configuration also affects the continuous flow profile. Moreover, the equipment state during production, in terms of fouling and scaling,
could result in time-varying systems since the available volume for axial mixing reduces
(Paul et al., 2004).
Another major issue related to using the RTD as a soft sensors is how to apply the models
when the material flow rate is changing. This is for example the case at start-up and
shutdown of the continuous line but also when balancing the line to compensate for losses
due to OOS product diversion. Indeed, during such transient phases, unit operations and
intermediate surge hoppers are only gradually filled meaning that the RTD profiles will
be different as compared to nominal operation. Ideally, the parameters of the soft-sensor
should be compensated for in real-time based on the holdup mass within each unit operation
and the overall line mass flow rate. One way of doing this is by proportional scaling of the
model parameters. However, the validity of such an approach has not yet been clarified.

7.5

RTD modelling and system identification

An important consideration when applying a soft sensor model is the fact that is has to
run in real-time. Therefore, the soft sensor model should take into account the discrete
nature of modern computerised systems, e.g. the supervisory control and data acquisition
(SCADA) system. Conversion of continuous-time functions to discrete-time pulse transfer
functions is thus required (Fadali and Visioli, 2013). Consider the continuous flow system
described by Equation 7.9 and for which N = 2 and τ1 = τ2 = τ . When such a system is
(i) perfectly sampled with a sampling period Ts of 1 time unit, (ii) the input to the system
is provided by a zero-order hold, and (iii) the time delay is an integer multiple of the
sampling period, then Equation 7.9 can be reformulated to the discrete-time domain using
existing discretisation methods. The result after bilinear discretisation and introduction
of the backward shift operator q −1 is
G(q) =

q −(td +2) + 2 q −(td +1) + q −td
(4 τ 2 + 4 τ + 1)q −2 − (8 τ 2 − 2)q −1 + (4 τ 2 − 4 τ + 1)

(7.10)

With G(q, τ ) a pulse transfer function in the discrete-time domain. It should be clear that
this model structure is a specific case of a much broader class of linear time-invariant (LTI)
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models. A more generic way of representing RTD models is therefore found in the field
of system identification (Ljung, 1999; Keesman, 2011). Different methods and frameworks
exist within this field. One that directly relates to the TIS models is the prediction error
framework developed by Ljung (1999). It is based on the notion that both the modelled
and unmodelled dynamics are important to derive an input-output model which is solely
based on measurement data. The generalised model representation in this framework is
the combination of a plant model G(q, θ) together with a noise model H(q, θ) which are
both rational transfer functions in the discrete-time domain.
A(q, θ) y[k] =

C(q, θ)
B(q, θ)
u[k] +
e[k]
F (q, θ)
D(q, θ)

(7.11)

To calculate the response of a system, e.g. the output API concentration y[k] = Co [k], to
an arbitrary input signal, e.g. the inlet mass feed rate u[k] = Ci [t], it is sufficient to iterate
through each time step and apply the derived discrete-time model. For a system described
by Equation 7.9 the results is provided below.

Co [k] =


1
(8 τ 2 − 2) Co [k − 1] − (4 τ 2 − 4 τ + 1) Co [k − 2]
4 τ2 + 4 τ + 1

+ Ci [k − td ] + 2 Ci [k − td − 1] + Ci [k − td − 2] (7.12)

Equation 7.12 corresponds with the convolution operation of the RTD and the concentration input signal. As such, the RTD of a system E(t) is in fact the impulse response of that
system, denoted as g[k], which accounts for material flow yet ignores conversion processes.
The latter is clearly emphasising its relation with system identification theory.

7.6
7.6.1

An RTD based soft sensor for twin-screw wet granulation
Motivation

In the next section, a case study is provided which illustrates the use of the TIS model as a
soft sensor to predict the API concentration at the outlet of the twin-screw granulation unit
operation of the Ghent University ConsiGma™ 25 line. Only the first two unit operations
of the line, i.e. material dosing and twin-screw wet granulation, were included in this study
because of the mixed continuous and discrete nature of the system with respect to material
flow (Table 7.1). While discrete flow units such as dryer and mill are modelled as ideal
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plug flow reactors, with plug sizes equal to the mini-batches defined in the drying cells, the
continuous flow units such as feeding and twin-screw wet granulation require a non-ideal
RTD model derived by experimentation.
Table 7.1: Unit operations of the ConsiGma™ 25 at Ghent University and the
associated material flow regime.

Unit operation
Powder feeding
Liquid addition
Twin-screw granulation
Wet transfer line
Segmented fluid bed dryer
Dry transfer line
Product control hopper
Mill
Discharge buffer

7.6.2
7.6.2.1

Operation
Continuous
Continuous
Continuous
Continuous
Discrete
Discrete
Discrete
Discrete
Discrete

Observed flow
Non-ideal
Ideal
Non-ideal
Ideal
N/A
N/A
N/A
N/A
N/A

Materials and methods
Impulse response testing

All granulation experiments were performed at a constant screw speed of 900 RPM and a
barrel temperature of 25 °C. Na-saccharin (Indis NV, Aartselaar, Belgium) was used as a
tracer material during stimulus-response testing. It has the advantage that its solubility
is in the same range as the solubility of the α-lactose monohydrate filler (Pharmatose
200M,Caldic Belgium NV, Hemiksem, Belgium). An amount of Na-saccharine tracer of
6.00, 6.67 and 7.33 g was used to spike the granulation barrel at the inlet. This was done
for a low 18 kg/h, nominal 20 kg/h and high 22 kg/h mass flow rate of lactose, respectively.
Distilled water at ambient temperature was used as a granulation liquid. Directly after
granulation, the granules were analysed in-line using the SentroPAT NIR spectrometer
(Sentronic GmbH, Dresden, Germany). An important aspect of Na-saccharine is the fact
that it is highly NIR sensitive, hence very easy to detect as a tracer.
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Process-instrument interface

Furthermore, to improve sample presentation a custom made process-instrument interface
is used. In essence, this interface consists of a chute which is attached at the end of
the granulator barrel while the NIR probe fits at the bottom of the module (Figure 7.1),
measuring the wet granules flowing over the probe’s sapphire window. The chute ensures
a more controlled granule flow and a consistent sample presentation to the NIR probe.
Note that the granules exhibit a chaotic flow at the granulator barrel exit which ensures a
properly dispersed material stream. To facilitate a denser and continuous granule stream
an additional rotating plastic paddle wheel was attached on top of the slide. A lab scale
power supply is used to power the geared DC motor at an angular frequency of 0.18 Hz.
Additionally, the presentation of the sample becomes independent of the feed flow rate,
hence a more robust measurement is provided, and probe fouling because of sticky wet
granules is reduced. Underneath the aluminium slide, a 5 W heating mat at a slightly
elevated temperature was attached. By increasing the temperature of the slide a few
degrees above product temperature, sticking granules were successfully eliminated. The
top of this device can also be protected with a transparent cover to close the interface for
fully continuous production purposes.
7.6.2.3

Chemometric modelling

To predict the Na-saccharine concentration from in-line spectral observations a partial
least squares (PLS) regression model was developed (SIMCA 14, Umetrics AB, Umea,
Sweden). Both PLS calibration and prediction experiments were performed at different
concentrations of Na-saccharine. For the calibration set the concentration was varied from
0 to 7 %w/w with increments of 1 %w/w, whereas for the prediction set measurements
at 0.5, 2.5, 4.5, 6.5 and 7.5 %w/w were performed. In these experiments, 50 NIR spectral observations were made inline and subsequently used for calibration and validation
of the chemometric model. All measurements were performed on the same day without
replications.
To correct for light scattering effects induced by the presentation and physical characteristics of the granules during diffuse reflectance measurements, various spectral pre-processing
filters (e.g. standard normal variate, multiplicative scatter correction and spectral derivatives) as well as their combinations, were evaluated. Next, different PLS models were calibrated by regressing the spectra in the regions 1370-1530 nm, 1630-1720 nm, 1840-1935 nm
and 2030-2090 nm. In this case, multiple spectral bands were selected as this led to an

CHAPTER 7 THE RESIDENCE TIME DISTRIBUTION MODEL AS A SOFT SENSOR IN CONTINUOUS PHARMACEUTICAL
MANUFACTURING
179

Figure 7.1: Side (left) and top (right) view of the custom process-instrument
interface.

increased prediction precision as compared to single band calibration. Based on the predictive power after cross-validation, a three component PLS model combined with second
derivative filtering and Savitzky-Golay smoothing (quadratic polynomial; window width
of 15 wavelengths) was found most suitable. The final PLS regression model has an R2
for the Y-block of 98.3 %, whereas the total variation explained by leave-one-out crossvalidation Q2 is 98.0 %. In addition, for respectively the calibration and the prediction
set a root-mean-square error of calibration (RMSEC) of 0.30 %w/w API and a root-meansquare error of prediction (RMSEP) of 0.36 %w/w API was achieved, indicating adequate
predictive power.
7.6.2.4

RTD model calibration

Impulse response testing with a tracer was performed to derive the experimental RTDs of
the twin-screw granulation unit at a low, nominal and high mass flow rate while maintaining
a constant liquid-to-solid ratio (L/S-ratio) of 9.00 %w/w. Tracer material was manually
added after 60 s of operation in the first inlet port of the granulator barrel. The response
was captured by means of the NIR probe. Precise measurements were obtained with an
integration time of 7 ms and an averaging number of 50 spectra, resulting in a sample period
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of approximately 700 ms taking into account delays introduced by the software processing.
Each of the three experiments was performed three consecutive times.
Following stimulus-response testing, the parameters of the TIS non-ideal flow model represented by Equation 7.9 are calibrated from the transient RTD data. To this end, a
least-squares estimator was implemented in MATLAB and minimised using a local optimisation algorithm based on the Nelder-Mead simplex method (The MathWorks Inc., Natick,
MA). Note that this model structure is a good first candidate to describe the non-ideal
flow behaviour of twin-screw granulators (Kumar et al., 2015).
7.6.2.5

RTD model validation

The formulation used for validation consisted of 96 %w/w α-Lactose monohydrate filler
and 4 %w/w of Na-saccharin as a placebo API material. Ultimately, the calibrated RTD
model is used to predict the outlet tracer concentration. For RTD model validation, a
second external loss-in-weight (LIW) twin-screw microfeeder (MT12, Coperion K-Tron,
Sewell NJ, USA) was used to feed the Na-saccharine tracer material in a predefined pattern
of impulses and steps (Table 7.2). By doing so, the effect of both short- and long-term
feeder disturbances could be evaluated with the RTD model while taking into account the
constraints of the real-time analyser. Control of the feeder mass flow rate is possible by
applying an analog voltage signal on the input terminals of the K-Tron control module
(KCM). The signal was generated using a NI myDAQ data acquisition card together with
LabVIEW 2017 (National Instruments, Ausitn, TX).
For the validation experiments a measurement frequency of 1 Hz was used in order to align
with the univariate process data. For a mass flow rate of 20 kg/h and a hypothetical tablet
weight of 500 mg, around 11 units are manufactured each second. Practically, this means
that only one averaged NIR spectrum is available for each 11 tablets.
7.6.3
7.6.3.1

Results
Calibration of the TIS model with plug-flow volume fraction

The result of the impulse experiments at low, nominal and high flow rate are given in
Figure 7.2. As expected, both the mean residence time and the variance of the obtained
distributions are relatively small, meaning that there is limited axial mixing within the
granulator barrel. Moreover, only minor changes in the response are observed for the
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Table 7.2: Experimental runs for the RTD validation study. Runs 1-3 are
performed at nominal mass flow rate, runs 4-6 at 110% of the nominal mass
flow rate.
Time [s]

ṁExc [kg/h]
runs 1:3

0 - 40
19.20
40 - 42
42 - 70
70 - 80
80 - 100
100 - 103
103 - 120
120
120 - 150
150

ṁAPI [kg/h] ṁLiq [kg/h]

4:6

1:3

4:6

1:3

4:6

21.12

0.80

0.88

1.50

1.65

∆ṁAPI

0.00
+ 0.36 kg/h
0.00
+ 0.36 kg/h
0.00
- 0.72 kg/h
0.00
0.4 g impulse
0.00
0.2 g impulse

different mass flow rates. This also illustrates the need for high frequent in-line NIR
measurements to capture the entire transient of the system at all flow rates. In control
theory, the rule of thumb is to sample the system at a rate in the range of 1/10 to 1/5 the
dominant time constant of the system. Undersampling results in information loss, whereas
oversampling leads to increased contributions of measurement noise (Zhu, 2001). For this
specific case the required sampling period should thus be in the interval 200 to 800 ms.
The sampling period for the calibration experiments in this work is around 700 ms.
Besides the short residence time, Figure 7.2 also clearly visualises the delay in the measured
response, i.e. the plug-flow volume fraction of the system. Some of the experiments show
deviating values of this delay. This is most likely due to the inaccurate timing of manual
tracer addition. The behaviour of the plug-flow fraction does not change when increasing
or decreasing the powder mass flow rate with 10 %.
In the next step, the TIS model with a plug-flow volume fraction was calibrated. A model
of low-order with dampened behaviour is a good choice to model the observations (Kumar
et al., 2015). The result is summarised in Table 7.3.
Very little difference is observed between the estimated model parameters for the different
repetitions, but also for the different powder mass flow rates. Hence, nominal model
parameters were identified which are applicable to all data obtained, taking into account the
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Figure 7.2: Experimental and modelled results for the TIS model with plugflow volume fraction for the low (left), nominal (middle) and high (right)
powder mass flow rates. An impulse of tracer was added after 60 s of normal
operation.
Table 7.3: Calibrated model parameters for the different mass flow rates.

ṁ [kg/h]
18
20
22
Nominal

τ [s] στ [s]
0.77 0.12
0.70 0.04
0.75 0.19
0.75

td [s]
3.20
2.93
3.12
3

σtd [s]
0.18
0.50
0.29

N
2
2
2
2

investigated range and the considered raw materials. The resulting RTD model simulations
are shown in Figure 7.2. As for the time delay, an integer multiple of the 1 s sampling
period, used in the validation experiments, was chosen. This ensures conversion of the
continuous-time model to a discrete-time model without accuracy loss (Fadali and Visioli,
2013). The resulting discrete-time TIS model with plug-flow volume fraction can thus be
found by inserting the parameter values in Equation 7.10 and 7.12.
G(q) =

q −5 + 2 q −4 + q −3
0.25 q −2 − 2.5 q −1 + 6.25

(7.13)


Co [k] = 0.16 2.5 Co [k − 1] − 0.25 Co [k − 2] + Ci [t − 3] + 2 Ci [t − 4] + Ci [t − 5] (7.14)
Note that the fit of the experimental and predicted RTD can still be improved for the long
tails. According to Levenspiel (1999) long tails are the effect of dead or stagnant pockets in
the system together with axial mixing. Other model structures might therefore be better
suited (Kumar et al., 2015), these were however not further investigated in this chapter.
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7.6.3.2

k-step-ahead soft sensor validation

Once calibrated, the TIS model with plug flow volume was validated using additional experimentation, Table 7.2. Hereto, the API mass flow signal was programmed in LabVIEW.
Note that the microfeeder was not integrated into the SCADA system of the ConsiGma™ 25
line and therefore feedback for data logging was not possible at the time of the experiments.
This also explains why the powder mass feed rate setpoint values, instead of the actual
values, are used for real-time validation of the soft sensor.
The results of the validation experiments are shown in Figure 7.3 for the nominal flow
rate (20 kg/h) and the elevated flow rate (22 kg/h), respectively. There appears to be a
relatively high amount of noise on the concentration signal, with relative standard deviation
(RSD) values up to 11 %. The source of these fluctuations is the microfeeder. Because of
the low mass flow rate of Na-saccharine together with a limited axial mixing regime in
the granulator barrel, the NIR measured concentration of Na-saccharine is pulsating at
the outlet of the granulator barrel. Besides high frequent feeder fluctuations, another
important aspect is the alignment of the different experimental repetitions. The first three
steps in the excitation profile were triggered automatically, whereas the two last impulses
were delivered manually. Although the step experiments completely aligned, the impulses
are not perfectly synchronised in time. Again the limited residence time as compared to
the timing offset is hindering direct comparison. The result is a less accurate fit of the
average profile.
Both validation experiments clearly show the dependence of the wet granulation process
on the feeder excitation. However, during the course of the experiment a drift in the
measurements becomes more and more pronounced. Indeed, slight fouling of the NIR
probe window was observed after each experiment. This was removed at the start of the
next experiment through cleaning of the sapphire window, which resulted in a controlled
start point of the validation experiments.
For improved comparison of the experimental validation and the expected profile from the
model, drift correction was applied offline. In this case a two parameter linear regression
curve was calibrated through an averaged profile and subsequently used to correct for the
drift in the different validation experiments. The results after the correction, together
with the simulated model response, are provided in Figure 7.4 for both a low and high flow
rate. Indeed, the dynamic behaviour is captured accurately by the model. Also the steady
state concentration values of NIR and predictions agree. Slight deviations are however
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Figure 7.3: Validation runs at 20 kg/h runs (top) and 22 kg/h runs (bottom)
without drift correction.

visible during the impulse-shaped disturbances between 120 and 160 s. One reason for the
deviation might be the limited sampling rate of the NIR probe compared to the fast process
dynamics. The root-mean-square error (RMSE) between simulation and experimental data,
averaged over the three different experiments, is 0.49 %w/w at the nominal mass flow rate
and 0.35 %w/w at the high mass flow rate. An explanation for the observed difference in
fit is still missing.
Because the model can be applied in real-time the concentration signal obtained from the
NIR spectra can be included in the predictions, hence the term soft sensor. In general
this approach is referred to as the k-step-ahead prediction. Meaning that historic data
points are available up to the k-last sample. Note that k in this work is reserved for
the discrete sample instance, hence to avoid confusion the letter p will be introduced.
Mathematically this is denoted as Co [1], . . . , Co [k − p] for the output API concentration.
This kind of predictions are very useful in case of model predictive control (MPC) where a
model is used in real-time to predict the future course of a system over a defined prediction
horizon. A special case, known as the one-step-ahead prediction, is when all historic
data is included for prediction. In contrast, when the measurements are not included for
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prediction the result is the same as the simulation. The latter is sometimes referred to as
the infinite-step-ahead prediction (Ljung, 1999).
The one-step-ahead predictions of the soft sensor are shown in Figure 7.5. For all experiments the prediction accuracy increases considerably when including available historic data
to make a prediction of the Na-saccharine concentration one sample period later. Moreover,
the soft sensor is capable of describing the high frequent oscillations due to feeder mass
flow rate pulsation. This is important considering the relatively high material throughput
of the system. The RMSE between the prediction of soft sensor and experimental data,
averaged over the three different experiments, is 0.12 %w/w for both the nominal mass flow
rate and the high mass flow rate. As can be seen from the results, the biggest contributors
to this value are the occasional outlying values in the concentration signal. It is expected
that inclusion of the mass flow rate actual values will increase prediction accuracy even
more, especially for the k-step-ahead predictions with longer prediction horizons.

7.7

Conclusions

This chapter started with an introduction to RTD models, more specifically the axial
dispersion model and the TIS model. While both have underlying mechanistic notions,
there validity is entirely determined by experimentally observed data. In case these models
are not accurate, modification of the original model structures is employed, e.g. plugflow and dead volumes. This lead to the observation that common RTD models, for the
field of continuous pharmaceutical drug product manufacturing, are in fact a subset of
the broader class of input-output models defined in system identification theory. A more
generic approach to RTD modelling would thus benefit from mature methods found in the
field of system identification.
In the second part of this chapter, an RTD modelling case study was provided for twin-screw
wet granulation. Hereto, a single TIS model with plug-flow volume fraction was calibrated
using experimentally obtained RTDs at different mass flow rates. Stimulus-response testing
was performed with an inert tracer and NIR measurement probe located at the outlet of
the granulator barrel. An important observation is the fact that the twin-screw granulator
is characterised by a relatively fast response which required high frequent NIR sampling.
In the validation step, the model was found to be accurate for both simulation and soft
sensing with a one-step-ahead prediction. A straightforward next step is the application
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Figure 7.4: Validation runs together with the model predictions. Left: Experiments at a nominal mass flow rate of 20 kg/h. Right: Experiments at a
elevated mass flow rate of 22 kg/h. The setpoint signal denotes the mass flow
rate setpoint of the Na-saccharine feeder as well as the manual impulses.
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Figure 7.5: Validation runs together with the one-step-ahead soft sensor predictions. Left: Experiments at a nominal mass flow rate of 20 kg/h. Right:
Experiments at a elevated mass flow rate of 22 kg/h. The setpoint signal
denotes the mass flow rate setpoint of the Na-saccharine feeder as well as the
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of a level 1 control strategy which uses the model to actively control the final composition
of the wet granules.
Note that the RTD model developed in this chapter is specific to the lactose formulation.
As such, its validity for other formulations is not guaranteed. Nevertheless, the methods
provided in this chapter are generally applicable and can provide guidance in the development of RTD based soft sensors for specific formulations.

CHAPTER 8
Liquid-to-solid ratio control for continuous
twin-screw wet granulation

Continuous manufacturing offers great potential to improve the economic and environmental impact hailing from the production of pharmaceutical drug products. To ensure
compliance of intermediate and final quality attributes throughout a continuous campaign,
application of corrective actions might be required in real-time. This chapter exemplifies
the implementation of an advanced process control strategy for the continuous twin-screw
wet granulation unit of the Ghent University ConsiGmaTM 25 production line. With the
help of in-line near-infrared spectroscopy, multivariate data analysis and system identification methods, a linear pulse transfer function is identified to describe the dynamic behaviour of the granule liquid-to-solid ratio [%w/w] in real-time. Furthermore, the outcome
for both the setpoint tracking and disturbance rejection problem using either conventional
proportional-integral control or model predictive control is implemented and evaluated.
Dynamic setpoints were correctly followed and a root-mean-square error of 0.25 %w/w
with respect to the setpoint was obtained when inducing artificial disturbances. Important
practical challenges were also tackled. Examples are fouling, computational limitations and
the limited flexibility of the automation software. Nevertheless, application of the proposed
advanced process control solution offers an answer to the problem of upstream material
flow rate deviations commonly encountered in continuous manufacturing campaigns.
Redrafted from: Nicolaï, N., De Leersnyder, F., Copot, D., Stock, M., Ionescu, C.M., Gernaey, K.,
Nopens, I., De Beer, T. (2018), Liquid-to-solid ratio control as an advanced process control solution for
continuous twin-screw wet granulation, AIChE Journal, 64:2500-2514
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8.1

8.1 MOTIVATION

Motivation

When dealing with continuous drug product manufacturing lines the flow rates of solid and
liquid raw materials at the entry of the production line require tight control. Not only is
this necessary to ensure the final drug potency despite process disturbances, but also to
ensure the physical characteristics of the intermediate product (Meier et al., 2016). Recent
studies in the field of continuous drug product manufacturing have therefore investigated
the potential to continuously detect undesired powder feed rate deviations and their accompanied disturbances in product uniformity at an early stage using process understanding
and advanced monitoring tools (Vanarase et al., 2010; Engisch and Muzzio, 2016; Fonteyne
et al., 2016; Kruisz et al., 2017).
The next step is to use the acquired knowledge and monitoring tools to control the continuous feeding of the raw materials. However, few studies go beyond critical quality attribute
(CQA) monitoring (Rantanen and Khinast, 2015; Nagy et al., 2017). For a continuous
twin-screw wet granulation processes this could translate among others to monitoring and
control of the liquid content in the wet granules, expressed as the liquid-to-solid ratio (L/Sratio). Just like feeding of pharmaceutical powders, granulation liquid feeding comes with
disturbances which need to be controlled. Indeed, a regulatory level process control loop
is typically in place to compensate for changes in liquid mass flow rate. However, such a
single loop method does not take into account upstream deviations in powder mass flow
rate which might occur during volumetric feeding. Hence, a higher level of control is required which augments the separate single loop controllers in order to ensure wet granules
of consistent composition. Therefore this study aims at providing insight on integrating
such an automatic supervisory control loop by means of real-time near-infrared (NIR)
measurements of the wet granules as shown in Figure 8.1.
In order to practically achieve a state of advanced process control, a system identification
approach is adopted. In this respect, purely data-driven models as well as the combination
of mechanistic and data-driven knowledge, so-called hybrid models, can be applied for
process control applications (von Stosch et al., 2014; Petersen et al., 2017). The present
work is based on the former approach, in which the model for control purposes is based
solely on measurement data coming from the actual plant. Experimentally determined
pulse transfer functions are used for this purpose. Although this approach is not new in the
pharmaceutical manufacturing field, and has been successfully applied before, only limited
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Figure 8.1: Original (top) and proposed (bottom) control strategy to maintain
a constant L/S-ratio of the wet granules at the end of the granulation unit.
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attention is typically paid to the actual identification step (Hsu et al., 2010; Blackwood
et al., 2013; Singh et al., 2014b).
The objectives of this study are:
1. Real-time L/S-ratio measurement integration and optimisation using NIR spectroscopy.
2. Identification of a dynamic model from in-line measurement data using system identification principles.
3. Control synthesis using both the classic and model predictive approach.
4. Validation of the control system implemented on the actual process and.

8.2

Materials

α-Lactose monohydrate filler (Pharmatose 200M, Caldic Belgium NV, Hemiksem, Belgium)
was granulated with distilled water as granulation liquid.

8.3
8.3.1

Instrumentation
Granulation process and automation

Granulation was performed with the twin-screw granulation unit of the ConsiGmaTM 25
continuous manufacturing line (GEA Pharma Systems NV, Collette, Belgium). An extensive overview of this system is given in Chapter 5. With respect to process control it is
noteworthy to mention that in this case the system did not allow continuous feeding and
blending of the different powdered components separately. Hence, a preblend containing all
solid material needs to be fed to the granulation barrel using only one K-PH-ML-D5-KT20
twin-screw loss-in-weight feeder (Coperion K-Tron, Sewell NJ, USA). This limits mass flow
manipulation to both total solids and granulation liquid.
8.3.2

Near-infrared spectroscopy

For real-time L/S-ratio estimations in-line NIR spectroscopy of the wet granules was used
at the end of the granulation unit. NIR absorbance spectra were collected using the SentroPAT FO photodiode array spectrometer with a SentroProbe DR LS NIR fibre optic
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contact probe (Sentronic GmbH, Dresden, Germany). The spectrometer uses an embedded system (Intel® AtomTM Z510, 1.1 GHz, 1 GB RAM) running Windows XP Professional
2002 SP3 (Microsoft, Redmond WA, USA) and the Sentro Driver software for measurement timing and data handling. As the probe was used in diffuse reflectance mode, close
contact between the sapphire window and the wet granulated material is required. To
prevent window fouling, the probe tip was heated to 30 °C, which is sufficiently low to not
disturb the material characteristics. During experimentation, all spectra were recorded
continuously in the wavelength range from 1100 to 2200 nm with a resolution of 2 nm at
a measurement frequency of 1 Hz, unless otherwise stated. To increase the signal-to-noise
ratio, each spectrum was an average of 100 scans with an integration time of 7 ms.
Note that the SentroPAT FO spectrometer is especially useful when trying to monitor
a continuous process with fast moving granular material. Simultaneous detection of the
entire wavelength range is possible thanks to its diode array detector. Hence, the same
sample is measured at different wavelengths. In addition, this instrument has the option to
measure up to four channels simultaneously by multiplexing the signals, which is intended
to monitor multiple unit operations or at different spatial positions within the same unit
operation.
8.3.3

Process-instrument interface

Interfacing the NIR probe with the granulation unit was made possible with a custom
made process-instrument interface (Figure 7.1). This interface consists of a heated chute
combined with a rotating paddle wheel. The chute is heated a few degrees above product
temperature, around 30 °C, to prevent sticking of the wet granules, while the rotating
paddle wheel ensures a dense and continuous flow over the probe window.
8.3.4

PAT data management

SIMATIC SIPAT v4.0 was used as a PAT data management software (Siemens AG, Brussels, Belgium). It serves as a communication hub and for time alignment of data coming
from both process supervision, i.e. ConsiGmaTM 25 sensors and actuators, as well as realtime analysers, i.e. SentroPAT FO. In addition, measurement data can be transferred to
a third-party calculation engine for real-time analysis and control action calculation. To
communicate process and product measurements, a network architecture with different
physical nodes is needed. In this case a Dell Power Edge T310 (Intel® XeonTM X5570,
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2.93 GHz , 8 GB RAM) is used as a host for both the base station and the central database.
The SIPAT method is configured such that the SentroPAT FO system is regarded as an
SPC file collector whereas the wet granulation unit is configured as a process collector (De
Frenne and Van den Meerssche, 2012b; Markl et al., 2013). Process data is communicated
from the Intellution iFix OPC 2.0 server (GE Fanuc Intelligent Platforms Inc., Fairfield
CT, USA) on the SCADA/HMI host to SIPAT using OPC DA protocols. As a calculation
engine MATLAB 7.12 (The MathWorks, Inc., Natick MA, USA) was used as a COM automation server to execute function calls from the SIPAT method configured by the user
(De Frenne and Van den Meerssche, 2012a). An overview of the network architecture is
given in Figure 8.2.

8.4
8.4.1

Experimental plan
Process configuration

Using the regulatory process control layer, all granulation experiments were performed at a
constant screw speed of 900 RPM, powder feed mass flow rate of 20 kg/h and a granulator
barrel temperature of 20 °C, unless otherwise stated. For each of the two co-rotating screws
12 kneading elements were used in two kneading zones, each consisting of six kneading
elements in a 60° stagger angle. As for liquid addition, two 1.6 mm nozzles were placed
before the first kneading zone. Two independent silicon tubings with an internal diameter
of 1.6 mm were used. To minimise temporal moisture fluctuations, the pump heads of
the two parallel peristaltic pumps (313VDL/D, Watson-Marlow Fluid Technology Group,
Falmouth, UK) were configured out-of-phase (Vercruysse et al., 2014).
8.4.2

Process state estimation

To relate the liquid content of the wet granules with the spectral observations, reference
experiments had to be performed. Therefore, multiple NIR spectra were obtained in-line
at eight different L/S-ratios including 6.0, 6.9, 8.1, 9.0, 9.9, 11.1, 12.0 and 12.9 %w/w.
For practical reasons, the chosen intervals are not equidistant. The measurements do not
show significant non-linear effects, hence the impact of such near-equidistant intervals is
negligible. Also note that the measurements were only initiated after steady-state was
reached, as observed by the torque build-up on the granulation screws (Vercruysse et al.,
2013). Variability was reduced by measuring around 100 spectra for each ratio on two
different time instances.
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Figure 8.2: Network architecture of the wet granulation process augmented
with the NIR instrumentation as well as the high-level PAT data management
software.
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As one of the aims of this study is to estimate and manipulate the process state based
on multivariate PAT measurements, the NIR spectral data subsequently served for offline
calibration and validation of a partial least squares (PLS) regression model. In this case,
the process state as predicted by the PLS model, was defined as the average L/S-ratio
of the granules produced directly after twin-screw wet granulation, further referred to as
predicted L/S-ratio. Yet, the methods and approach explained in this work are generic in
nature as they apply to any CQA of the product on the condition that it can be measured or
estimated from available secondary measurements. Other examples may include chemical
or physical variables such as active pharmaceutical ingredient (API) concentration, granule
size, rheological properties etc.
8.4.3

Dynamic process excitation

In order to understand the underlying process behaviour a dynamic process model from
pump speed (selected as input u(t)) to the liquid to solid ratio predicted from NIR measurements (selected as output y(t)) was identified. To this end multiple identical open-loop
identification experiments with a pseudo-random binary signal (PRBS) as input excitation
were performed (Pintelon and Schoukens, 2012). For practical reasons, as explained in
Section 8.5, the pump speed instead of the liquid flow rate was used as the manipulated
variable of the system. During the excitation experiments SIPAT was configured to override
the setpoint of the pump speed in the supervisory control and data acquisition (SCADA)
software using a reference of the PRBS.
8.4.4

Process control validation experiments

The performance of two different direct-acting control laws was assessed for the loop under study, i.e. a proportional-integral (PI) controller implemented digitally using the incremental algorithm starting from the non-interacting form and the extended prediction
self-adaptive control (EPSAC) scheme as a model predictive control (MPC) methodology
(see Section 8.5.7) (De Keyser, 2003; Visioli, 2006). With the former, proportional and integral control parameters were initially tuned using the Ziegler-Nichols frequency response
method, followed by an optimisation method. The EPSAC scheme was used with a control horizon Nu of one sample, a coincidence horizon N1 which takes into account time
delay and causality of three samples, whereas ten samples were considered sufficient for
the prediction horizon N2 . Further tuning of the MPC cost function was not required to
achieve acceptable performance. In this case, control effort was not taken into account for
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the realisation of the cost function. Regarding performance, both setpoint tracking and
disturbance rejection were evaluated using a reference trajectory which spans the required
operating regime. To identify the impact of disturbances on the control loop, changes in
powder flow rate are deliberately imposed.
8.4.5

Data processing

Simca 13.0.3 (Umetrics AB, Umeå, Sweden) with spectroscopy skin was used for offline
regression modelling of the NIR spectra collected during all granulation experiments. Additional offline data processing and interpretation was performed in MATLAB 7.12 (The
MathWorks, Inc., Natick MA, USA) using the system identification toolbox 7.4 and Python
2.7 using the scikit-learn library 0.17.0 (Pedregosa et al., 2011).

8.5
8.5.1

Results and discussion
L/S operating range delineation

Contact between granules and the NIR probe should be ensured throughout continuous
production to guarantee measurements of sufficient quality. Therefore, preliminary granulation experiments were performed to map a feasible granulation regime as a function of the
L/S-ratio. From these experiments it was observed that the minimal liquid mass flow rate
lies around 20 g/min, i.e. a L/S-ratio of 6 %w/w. Below this limit the process-instrument
interface was flooded with poorly granulated powder due to under-wetting of the material,
and thus leading to direct window fouling. In contrast, the maximal liquid mass flow rate
was found to be around 43 g/min, i.e. a L/S-ratio of 12.9 %w/w. Any further increase of
the granulation liquid led to sticky over-wetted lumps of aggregates with poor flowability.
In addition, these lumps do not cover the probe window entirely which resulted predominantly in void measurements, identified in the time series as arc-shaped spectra at high
pseudo-absorbance values.
8.5.2

Measurement considerations

During continuous in-line NIR measurement, all of the obtained raw spectra are characterised by specific absorption bands at 1890 to 2010 nm for water and at 1400 to 1600 nm
for lactose (see Figure 8.3). In addition, a broad absorption band from 1700 to 1850 nm is
also present in some spectra. Taking into account the absorption spectrum of the paddle
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wheel, this observation suggests that the measurement setup, i.e. the process-instrument
interface, is corrupting the time series.
For the detection of these outlying observations a linear support vector machine (SVM)
was trained (Schölkopf and Smola, 2001). A labelled set of spectra collected during all
initial experiments was used for training. The set contains a total of 7759 spectra with
1544 spectra manually labelled as outliers based on the characteristic absorption band from
1700 to 1850 nm. Both training and validation of the model is done using nested four-fold
cross-validation in a grid search for hyperparameter optimisation of the SVM soft-margin
constant C. This hyperparameter determines the weight that is given to observations that
fall inside the seperating margin, defined around the SVM hyperplane, when maximising
the margin width. A small value of C results in a small weight and therefore larger
classifying margin, whereas a high value of C results in a large weight and therefore a
smaller classifying margin. Because this hyperparameter is strictly speaking not considered
part of the SVM it needs to be defined before training the SVM. Hence, the use of a nested
cross-validation (Bishop, 2006).
The influence of irrelevant features and the spectral offset were removed beforehand by
applying a first order spectral derivative filter with Savitzky-Golay smoothing (third order polynomial and a window consisting of 15 wavelengths). The proposed model with a
complexity parameter of 1.0 was able to classify the observations with a 96.5 % accuracy
with an average response time of 16 ms for each new observation. Note that this computing time is highly important and should be minimised due to the requirement that the
methodology is to be applied in a real-time application. Adaboost and random forests,
two non-linear methods were also evaluated (Freund and Schapire, 1997; Breiman, 2001).
Yet, these methods did not provide a higher performance and were slower as compared to
the SVM.
To illustrate the effect of the classifier, in-line measurements at a higher measurement speed
as compared to the real-time control application, i.e. 10 Hz during 5 s, are shown in Figure
8.3. From the 50 spectra in this test set, six were correctly classified as outlying whereas
observations with an additive baseline shift were not mistaken for erroneous. The same
data together with its temporal information is shown in Figure 8.4. The most prominent
observation is that the outliers seem to occur at periodic instances in time. Comparing
both the rotational speed of the paddle wheel and the period of the interference reveals
their correlation. This clearly indicates the impact of the measurement interface on the
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Figure 8.3: Raw spectra obtained during 5 s of in-line measuring at 10 Hz. The
red spectra denote the observations excluded as outliers from the time series
by the support vector machine based on the 1700 to 1850 nm wavelength band.

quality of the measurements obtained. Using this SVM classification method the outlying
spectra can simply be removed for further offline chemometric modelling.
8.5.3

Chemometric modelling

In this case, the commonly applied PLS regression model is used for prediction of the L/Sratio from spectral observations. Before the actual regression modelling, pre-processing was
applied on all spectral observations. The goal of these methods is to correct for non-linear
light scattering effects induced by the presentation (e.g. path length variations, amount)
and physical characteristics (e.g. density) of the granules during diffuse reflectance measurements (Rinnan et al., 2009). Different techniques were evaluated and in this case a first
order spectral derivative filter with Savitzky-Golay smoothing (second order polynomial
and a window of 15 wavelengths) was found most suitable. This specific method corrects
for the additive baseline shift of spectral measurements.
Next, the classified and pre-processed NIR spectra obtained in-line at eight different L/Sratios were divided in a calibration set (L/S-ratios 6.0, 6.9, 9.0, 9.9, 12.0, 12.9 %w/w) and
a validation set (L/S-ratios 8.1 and 11.1 %w/w). The model was subsequently calibrated
by regressing the spectra in the region 1850-2150 nm together with the L/S-ratios obtained
during the different granulation experiments. A three component PLS model was selected
on the basis of the cumulative fraction of variation in the X and Y block explained by
the components R2 [X] = 99.2 % and R2 [Y ] = 96.4 % as well as the cumulative fraction
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Figure 8.4: Spectrogram obtained during 5 s of in-line measuring at 10 Hz.
The red lines denote the observations excluded from the time series by the
support vector machine.

of the total variation explained by 7-fold cross-validation Q2 = 96.3 % for the calibration
set. To interpret the performance of the regression model in %w/w of moisture, the rootmean-square error (RMSE) between the predicted and observed L/S-ratios are calculated.
For the validation set an root-mean-square error of prediction (RMSEP) = 0.41 %w/w was
obtained. These results indicate good performance of the model to predict the L/S-ratio
of the wet granules. To improve predictive power, a model composed of both calibration
and validation sets was calibrated for further use. This model is characterised by an
R2 [X] = 99.0 %, an R2 [Y ] = 98.1 %, a Q2 = 98.1 % and an RMSEP = 0.32 %w/w. The
X block scores of this data along its first two latent variables are illustrated in Figure
8.5. Here, PC1 explains 72.2 % and PC2 26.8 % of the variance initially present. From
both scores and loadings it is concluded that the first component explains some of the
variability related to liquid flow rate operating settings, while the second component mainly
explains unintended variability introduced by the fact that all measurements were done inline on moving granular material. Note that the PLS model is not only maximising the
variance of both X and Y block projections separately, but also aims at maximising their
correlation. The latter could explain the location of the calibration set scores for the first
two components considered here. It is possible that due to non-linearities in the spectral
feature investigated here, the model shows some minor deviation from optimal prediction
as can be seen in Figure 8.5.
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Figure 8.5: Left: Score density plot of the spectral data along the two components of the PLS model. Right: Results of the PLS regression model for the
validation set spanning L/S-ratios from 6.0 to 12.9 %.

8.5.4

Real-time prediction

In order to apply real-time control, the measured spectral data, obtained in-line during wet
granulation, has to undergo the same processing steps as in the offline calculations to result
in a prediction of the L/S-ratio over time. These steps include spectral pre-processing,
outlier removal by means of a SVM classifier and ultimately the actual regression with
the coefficients of the PLS model. Predictions were realised in real-time at a frequency
of 1 Hz using the interplay between the PAT management software, the NIR instrument
and the calculation engine. Although not used for offline modelling purposes, the outlying
observations which are removed in real-time were substituted for the predicted value at
the previous sample instance. This gap filling strategy guarantees that at each sampling
instance a measurement is available for the subsequent control action calculation.
8.5.5

Process excitation

Proper application of process control theory requires a model that describes the relationship among the different system variables. Here, a linear time-invariant discrete transfer
function is used as a mathematical description of the systems response. A common method
for process excitation is step response testing. Although abundantly available in literature,
one is often unable to excite the process at the phase crossover frequency resulting in poor
model performance at higher excitation frequencies which could potentially result in unstable closed-loop behaviour (Åström and Hägglund, 1984). Therefore, the model is derived
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using process excitation with a pseudo-random binary signal (PRBS). The latter is defined
as a deterministic, periodic signal that switches between two discrete levels. It is used as
a substitute for uncorrelated noise as it has a comparable auto-correlation function Ruu (τ )
and is capable of exciting the process across a wide spectrum of frequencies. As defined
by its low Crest factor, this signal has limited amplitude and high power in the frequency
band of interest. The use of such an excitation signal is common practice for identification
of near-linear continuous industrial processes where actuators are typically of a discrete
nature (Pintelon and Schoukens, 2012).
In this study both a slow and fast excitation signal were used for model identification, i.e.
using a clock period T c of 12 and 5 s. The low and high states of the PRBS are defined
near the boundaries of the granulation regime map, i.e. 20.0 and 40.0 g/min. Note that
for further analysis, generator noise, considered as an additive disturbance on the applied
voltage signal to the pump, is not taken into account.
The top part of Figure 8.6 shows the response of the system during the second part (250450 s) of a fast excitation experiment. Here, the PRBS was applied on the liquid flow
rate [g/min] to the granulator barrel. In the optimal case, i.e. leaving transient process
behaviour and the time delay aside, the predicted L/S-ratio signal should be switching
between 1.0 (for 40 g/min) and 0.5 (for 20 g/min). Although the trends in both applied
and PLS predicted signals are similar, i.e. pulsation present in the input is measured at
the output of the system, the L/S-ratio seems to have a variable offset which decreases
in time. The origin of this drift can be resolved when looking at the varying speed of
the pump used to inject the granulation liquid in the twin-screw granulator. Instead of
switching between the upper and lower states, some uncontrolled deviation is found in the
RPM signal. It then appeared that this unintended variation is explained by the way the
regulatory level automation software is programmed to control the liquid addition. When
defining a liquid flow rate in process supervision, a linear calibration curve, obtained with
a two-point calibration during process initialisation, is used to calculate the corresponding
revolutions per minute required at this flow rate. To compensate for deviations induced
by the underlying non-linear relationship and process disturbances, a slow acting (every
30 s) conditional control loop going from liquid storage vessel weight to pump speed is
superimposed on top of the calibration. The latter results in the deviations on the pump
speed signal.
The controls for this gravitational mode were initially developed for recipe-driven manufacturing with fixed process parameters, yet it fails under dynamic conditions, i.e. when
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Figure 8.6: Process excitation with a pseudo-random binary signal (T c = 5 s).
Top: liquid flow rate is the manipulated variable whereas the pump speed
follows. Bottom: pump speed is directly manipulated. Both pump speed
and predicted L/S-ratio are normalised to respectively the maximum value
of 42.6 RPM and the maximum offline defined L/S-ratio of 12.0 %w/w. The
dashed lines indicate the maximum and minimum bounds of the L/S-ratio as
defined during regression model calibration.

used for measurement based operation of the granulator as this practice involves dynamic
process parameters. Therefore, the signal predicted from the timely NIR measurements
follows the pump speed rather than the flow rate applied in process supervision. In order to
guarantee that the actuation of the control loop is exactly determined in subsequent experiments, the rotational speed of the pump was programmed as the manipulated variable as
opposed to the liquid flow rate itself. After conversion of the PRBS with respect to pump
rotational speed, the response is much more consistent as shown in the bottom of Figure
8.6. Although the measurement signal is corrupted with process and measurement noise,
an overdamped low-order response is clearly visible. Also, the smooth transient response
from one state to another indicates the axial mixing of both phases in the granulator barrel.
Besides the dynamic information in these experimental results, an indication of the liquid
residence time in the granulator barrel is also provided by the transient response. The
average settling time lies around 10 s taking into account time delay, which explains why
the system is sometimes unable to reach steady-state during the fast excitation. The
results obtained are in close agreement with previous studies on the mixing and transport
behaviour of the twin-screw granulator under study (Kumar et al., 2014). Due to the
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limited measurement frequency of 1 Hz, the time delay of the signal could not be determined
accurately. In this case time delay is defined as the time it takes for the change in pump
speed to be detected by the NIR measurement instrument. An estimated delay of 2 to 3 s is
observed, which is supported by the cross-correlation coefficients of input and output data
as presented in Figure 8.7. Note that the time delay is also influenced by the rotational
speed of the paddle wheel of the measurement interface, i.e. slower rotation leads to an
increase in the time delay.
1
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Figure 8.7: Cross-correlation coefficients (R̂yu ) of input and output data of
an identification experiment. The coefficients at 2 and 3 s are highlighted.

Multiple repetitions for both slow and fast excitation were performed, respectively eight
and seven runs, to quantify the repeatability of the process and measurement system. In
this respect, the standard deviation (σ̂) was calculated around the mean value (µ̂) at each
time instance and the interval ±σ̂ is shown in Figure 8.8. It appears that the different
repetitions are in good agreement. To a large extent the width of the band is determined
by process and measurement noise. The magnitude of the noise appears to be equal for
both low and high states. Under the assumption of static white noise the relative standard
deviation (σ̂/µ̂) is 6.1 % which is of the same magnitude as in the PLS calibration and
validation sets. Apart from noise, it was confirmed that in one of the experiments with
the slow excitation, the signal was corrupted by outlying observations, e.g. around 390 s.
These were not removed by the SVM classifier resulting in an increased local variability
compared to the other sampling instances which resulted in the spikes shown in Figure 8.8.
Analysing the system’s response over the course of the experiment also reveals a drift in
both the low and high state. This offset was easily removed by cleaning the probe window
at the end of each repetition experiment. It is therefore concluded that the observed drift
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Figure 8.8: Distribution of the systems response, the coloured area visualises
the interval over µ̂ ± σ̂. Top: Slow PRBS excitation T c = 12 s. Bottom: Fast
PRBS excitation T c = 5 s

is caused by fouling of the probe window. Despite the physical countermeasure of the
rotating paddle wheel during experimentation, a thin layer of powdered material builds up
on the sapphire window over time. On average, the drift resulted in a prediction error that
deviates 0.63 %w/w for both low and high state at the end of the excitation experiment.
Drift correction by means of mathematical data processing is a potential strategy to correct
post-measurement (Scheibelhofer et al., 2014). However, this is not further elaborated in
this chapter as the aim here is to provide insight in the application of system identification
and engineering process control for continuous production of solid drug products.
It is noteworthy to mention that the measurement system, data communication and processing are not implemented on a computer with a real-time operating system, i.e. an operating system which serves real-time applications that process data without delays. This
results in a true sampling rate that varies around the designed value in a non-deterministic
way. Comparing the same input signals of different excitation experiments, it is no exception that timing jitter generates a one sample offset. This can also be seen in Figure 8.8 by
the increased width of the rising and falling edges as opposed to a completely deterministic
measurement and processing system. Because of jitter introduced by the PAT management software at this measurement rate and because of the fast response of the twin-screw
granulation system combined with limited sampling rate, the controller will have to sacrifice bandwidth to compensate for this error. A solution might exist in increasing the
measurement rate of the system, however, this improvement is hindered by the limited
computational performance boundaries of both the NIR instrument as well as the PAT
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data management software. This observation, confirmed in literature (Ierapetritou et al.,
2016), should be tackled by instrument and software suppliers in order to facilitate the
transfer of advanced process control to a commercial continuous production environment.
Real-time and more efficient computations on the software side together with even more
powerful hardware configurations could offer a solution.

8.5.6

Model identification

Both pump speed and predicted L/S-ratio signals from the PRBS excitation experiments
were subsequently used for the identification of a parametric linear time-invariant model
to describe their dynamic relationship. Conversion of discrete-time to continuous-time using the bilinear transform was done by applying a zero-order hold on the control signal
which results in a piece-wise constant signal to the actuator (Åström and Wittenmark,
1997). In this way the model, i.e. the pulse transfer function, comprises of the dynamics
introduced by the zero-order hold, the continuous dosage pump, the granulator system, the
data acquisition system and the sampler. Regarding the model structure, an autoregressive moving-average with exogenous inputs (ARMAX) model was proposed as it includes
a moving average noise filtering term which can also be included in the EPSAC control
system synthesis (Ljung, 1999; De Keyser, 2003). The proposed structure imposes similar
dynamics in both plant and noise model by sharing a common denominator. The order
of the model was selected on the basis of physical interpretation, i.e. mixing processes
typically exhibit low order dynamics as compared to mechanical structures characterised
by multiple resonance modes. Furthermore, Akaike’s information criterion was also used.
This criterion quantifies the balance between model complexity and model variability due
to over-parametrisation. To estimate the model parameter values, the discrete time-domain
prediction error framework is used to minimise the sample prediction error variance with
a quadratic cost function. Finally, a residual analysis test was performed to identify systematic errors in the proposed model structure (Ljung, 1999).
Next, all excitation data from both slow and fast experiments were merged into a single
set by averaging the output signal over the different repetitions of the periodic signal. The
merged set was subsequently used to estimate the model parameters of an overall model.
This approach aims at a final parameter set that averages deviating phenomena seen in the
individual excitation experiments and thus making the model more robust. The identified
ARMAX structure and parameters were found to be
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y[k] − 0.6203y[k − 1] = 0.2174u[k − 3] − 0.03492u[k − 4]
+ e[k] − 0.0818e[k − 1] + 0.0166e[k − 2] (8.1)
Conversion of the plant model to continuous-time notation results in a lead-lag transfer
function with weak lead (ξ = 0.69) and strong lag (τ = 2.13) component.
G(s) = Ks

ξ s + 1 −τd s
0.69 s + 1 −3s
e
= 0.48
e
τ s+1
2.13 s + 1

(8.2)

The step response of the resulting dynamic model as well as the space spanned by the
lower and upper model step responses obtained from the individual experiments are shown
in Figure 8.9. From these results it is concluded that the overall model is in good alignment with the individual models derived before. This indicates the reproducibility of this
approach.
Because of the location of the pole (p1 = −0.4687) and zero (z1 = −1.45), the model
lies in between a pure gain system of infinite bandwidth, i.e. the steady-state (Ks =
0.48) is reached instantaneously, and a system with first order transient response. The
result is a response which initially jumps quickly to Ks p1 /z1 = 0.16 and then gradually
converges towards steady-state. An explanation for this kind of behaviour is found in
the low measurement rate of the input signal. Indeed, when the transient of the system
is sampled at a too low frequency, a faster dynamic response is imposed on the model.
Note that the open-loop system is stable as its pole is located inside the unit circle in the
complex z-plane. The model is further characterised by a settling time of 9.51 s, a rise time
of 4.14 s and a time constant of 1.3 s. Since the time delay is a factor 3 larger compared to
the time constant, the system is dead time dominant. Frequency response analysis of the
model reveals a cut-off frequency at 0.086 Hz.
8.5.7

Controller design

The desired response of the system under study can be achieved with the help of the
black-box input-output model derived in the identification step i.e. Equation 8.1, and a
well-tuned control law. As the emphasis of this chapter lies on the practical demonstration
of industrially relevant concepts for control of pharmaceutical drug product manufacturing
based on product characteristics, both classical and MPC laws are evaluated. In this
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Figure 8.9: Step response (t=1) of the overall ARMAX model for both the
continuous and discrete time model. The space spanned by the upper and
lower response of the individually derived models is shown by the grey shaded
area. Time delay not taken into account.

section the synthesis and tuning of the two control strategies is highlighted. For the classic
approach, a PI control structure was chosen as it provides acceptable performance for most
systems with first order dynamics without having problems of the derivative action. Above
all, the PI controller is still the standard in continuous control because of its simplicity
(Åström and Hägglund, 1995; Visioli, 2006). The following discretised form known as
the incremental algorithm was adopted for the PI controller inside the proportional band
(Visioli, 2006).



∆t
u[k] = u[k − 1] + Kc 1 +
e[k] − e[k − 1]
Ti

(8.3)

Here, t represents the current time instant, u(t) the granulation liquid pump speed, e(t) the
difference between the setpoint L/S-ratio and the predicted L/S-ratio from NIR spectra
and ∆t a sampling period of 1 s. Both Kc , the controller gain, and Ti , the integral or reset
time, are parameters which have to be tuned for the desired response. One of the major
advantages of using the incremental PI representation is that it is naturally anti-reset
windup (Bequette, 2003). Hence, potential input saturation is effectively tackled.
Different methods exist for determining the parameters of the PI control law. In this
case, a first attempt was made with the well-known Ziegler-Nichols frequency response
method. Simulation results provide the ultimate gain Ku = 3.90 RPM/(%w/w) and the
ultimate period Pu = 7.20 s which leads to a PI controller with Kc = 1.56 RPM/(%w/w)
and Ti = 5.8 s. However, because the process is dead-time dominated, the tuning rule
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does not perform well and leads to a conservative controller resulting in sluggish control of
closed-loop load disturbances. Therefore, an additional tuning method was used which is
based on the optimisation of the setpoint tracking error. Because the closed-loop can have
a dampened oscillatory response, and due to the fact that the setpoint is characterised by
sudden step changes, the integrated time absolute error (ITAE) criterion is used. Whereas
the Ziegler-Nichols method indirectly takes into account the possibility of measurement
noise and modelling errors, this is not the case for optimisation methods. To deal with the
abundance of measurement noise, modelling uncertainties, timing jitter and a variable time
delay, the optimised parameters were reduced to Kc = 0.89 RPM/(%w/w) and Ti = 3.56 s.
These values give a stable closed-loop response without overshoot at a nominal delay of 3 s
with a gain margin of 11.2 dB and phase margin of 1.44 rad. Hence, this set of parameters
will be used for PI control validation.
Concerning the MPC approach, the EPSAC scheme was applied, see Chapter 4. Although
various functions are typically defined based upon different criteria and constraints, the
cost function considered in this work is unconstrained and does not take into account
control effort. Therefore no additional control parameters need to be tuned.
8.5.8

Process control validation

Once the controllers were developed using the process simulator, validation on the actual
ConsiGmaTM 25 process was performed. Control loop validation is typically divided into
deterministic and stochastic performance monitoring tools. The former describe how well
the control system copes with setpoint tracking whereas for the stochastic case the ability
of the controller to cope with disturbances introduced in the loop is analysed (Visioli,
2006). In this case the different control loop responses were visually compared for both
setpoint tracking in Figure 8.10 and disturbance rejection in Figure 8.11.
During initiation of the setpoint tracking validation experiment for the PI controller, top
Figure 8.10, the process was operating in open-loop. Hence, a minor offset with respect to
the setpoint is observed at the start of the experiment. After this, closed-loop control was
initiated and the tracking response performs as expected a priori from simulation runs,
with an average deviation of only 0.15 %w/w of the liquid-to-solid ratio in the granules or
0.51 g/min of the liquid flow rate applied to the system. Although the noise is coloured,
the system seems to oscillate from 140 to 170 s due to a change in either disturbance or
measurement performance. However, the controller is able to suppress these fluctuations
quickly before the system is becoming unstable. These results clearly indicate that a simple
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PI control law is sufficient for the setpoint tracking of this single-input single-output loop of
the granulation system. The result with the model predictive control methodology using the
EPSAC approach (middle Figure 8.10) is less satisfactory at first sight. While the steadystate setpoint is reached, overshoot appears at setpoint change which was not expected
from upfront simulations. This behaviour can be explained by the fact that the modelled
gain used in the EPSAC controller does not accurately represent the system behaviour. In
fact the gain of the process model (Ks = 0.48) is lower than the actual plant gain at the
time of the experiment. Hence, the real response is stronger compared to the response used
for control action calculation. Therefore, the controller applies a higher pump speed than
necessary, which explains the system overshoot. The reason for this variability in process
gain can potentially be found in the fact that the measurement setup was assembled and
disassembled multiple times in between different identification experiments. Hence, some
unintended variability is observed whenever the system was tested. Note that although a
mismatch between the plant and the model exists, the controller is still capable of tracking
the desired setpoint correctly. One way to practically deal with this time-varying behaviour
of the plant exists in recursively estimating the parameters of the model throughout process
operation. However, this is not further elaborated on in this chapter. The bottom Figure
8.10 shows the response of the system when a model with a higher process gain, yet slightly
longer settling time (Ks = 0.52, z1 = −0.73 and p1 = −0.30), was selected for the MPC
control law. Likewise, these parameters were also derived from experimental data, yet
these values were estimated using a single experiment with a higher process gain. As
expected, the overshoot in the subsequent validation experiment is not present, i.e. the
mismatch between the nominal model and plant was reduced. Clearly, the results confirm
that there is no real advantage of using a more complex model predictive controller over
the semi-empirical PI controller in this case.
Regarding the control action in both PI and EPSAC, the influence of the small measurement drift, which is not captured by the noise model in the controller, is propagated as a
slowly decreasing pump speed. This indicates that although the controller is able to keep
the process on the reference, a discrepancy between the measured value and the actual
value might exist. A straightforward solution exists in low frequent sampling for offline
analysis after which a correction factor can be used to compensate for the gradual deviation (Haley and Mulvaney, 2000). However, further improvement of the process-instrument
interface is seen as a more sustainable and time saving solution.
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To test disturbance compensation, additional experiments were performed in which the
powder mass flow rate was intentionally changed during run time to mimic a disturbance
in feed factor which could be related to volumetric feeder drift when running low on volume
or variability in material properties. An arbitrary disturbance signal was chosen, i.e. at
start the powder flow rate decreases five times in steps of 1 kg/h, afterwards a step change
increase of respectively 3 and 2 kg/h is applied. Using the EPSAC controller with high
gain it is clear from Figure 8.11 that the measured L/S-ratio follows the setpoint value of
7.5 %w/w throughout the entire experiment, i.e. the controller is actively manipulating the
pump rotational speed to match the reference value. In this experiment, the relative standard deviation of the controlled L/S-ratio is 3.32 % while the RMSE between measurement
and setpoint is 0.25 %w/w. Both metrics indicate satisfactory controller performance. To
improve the system response with respect to fluctuations in powder mass flow rate, an additional pulse transfer function, linking the powder mass flow rate to the L/S-ratio, could
be added to the model predictive control law. By doing so, the controller could effectively
predict the impact of both changes in pump speed and powder mass flow rate.
Note that besides performance evaluation of the different control strategies, another important goal in this work was to evaluate the feasibility of both the PI and MPC control
strategies to be implemented on commercially available platforms. Clearly this goal was
also achieved, however, the potential of the MPC algorithm, as compared to PI control, was
not evaluated at its full extent. The merit of MPC to deal with non-linearities, constraints
and multiple objectives in terms of various performance indicators is not the objective of
this study.

8.6

Conclusion

This study describes and demonstrates how monitoring, identification and advanced control of wet granule L/S-ratio for twin-screw granulation can successfully be implemented.
Regarding in-line NIR monitoring of wet granules, it is confirmed that measuring a continuous flow of particulate matter can be challenging mainly because of probe fouling and
abundant granule dispersion. Hence, to improve the spectral measurements in this study,
a custom made process-instrument interface was proposed as a means to collect data that
can be used for controlling the wet granule flow. This chapter highlights the importance of
a well-performing process-instrument interface and/or signal post-processing for full-scale
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applications in a commercial production environment. Design and fabrication of such an
interface is ideally done together with the instrument vendor.
Besides monitoring, system identification tools such as binary signal excitation and model
identification were used to derive part of the underlying dynamic behaviour of the wet
granulator. It is shown that the ARMAX model applied for this case, can accurately
describe and predict the low-order dynamics of the single-input single-output system.
With respect to control both setpoint tracking and disturbance rejection problems were
addressed using either conventional proportional-integral or model predictive control. In
both cases acceptable performance was achieved with the use of FDA rule 21 CFR Part 11
compliant software tools. Though, the computational performance boundaries of the NIR
measurement instrument as well as the PAT data management software were reached, which
is because of the relatively fast dynamics of the twin-screw wet granulator. In addition,
limitations regarding the strict recipe oriented design of the automation software resulted
in limited access to the required regulatory level process data for real-time CQA-based
control where actuators are continuously manipulated to compensate for product variation.
Such barriers are ideally tackled by the equipment vendor to increase the flexibility of the
pharmaceutical manufacturers.
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Figure 8.10: Model validation experiments with respect to setpoint tracking
for the L/S-ratio in the granules. Top: PI control law. Middle: EPSAC control
law (Ks = 0.48). Bottom: EPSAC control scheme with increased model gain
(Ks = 0.52). Both the simulation, using the identified ARMAX model, as
well as real process measurements are shown. Note that although the steps
in the reference signal occur at different time steps, the system response is
time-invariant.
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Figure 8.11: Model validation experiments with respect to disturbance rejection for the L/S-ratio in the granules. The response of the EPSAC closed-loop
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CHAPTER 9
Spatial filter velocimetry for real-time
particle size monitoring in twin-screw wet
granulation

In the context of continuous pharmaceutical manufacturing, real-time assurance of intermediate and final product quality attributes is paramount. One way to achieve this is
through the use of real-time product analysers in the manufacturing line. Although various instruments are commercially available to measure a wide range of product attributes,
the main challenge lies in the actual presentation of the sample to these analysers. Indeed, representative samples should be obtained during the entire operating period of a
continuous manufacturing line. This also includes prevention of blockage and fouling of
the instrument’s measurement zone. It is in this respect that the following chapter introduces spatial filtering velocimetry (SFV) for real-time granule size measurements directly
after twin-screw wet granulation. More specifically, the granule size signals obtained with
two different sampling accessories as well as different software defined settings were compared in terms of accuracy, precision and reproducibility. Also, the potential impact of the
pneumatic system for aperture blockage prevention was investigated and optimised. The
obtained results clearly indicate the importance of wet granule concentration followed by
a dispersion step inside the measurement zone. Not only does this improve measurement
accuracy and precision, but it also results in an increase in the particle loading. To a
certain extend this is desired as it benefits the statistical power of these measurements.
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Motivation

Over the last decade continuous manufacturing has shown to be a valuable alternative to
conventional batch processing. One of the key benefits of this innovation is the potential
to significantly reduce time-to-market. This is because continuous processes are ideally
characterised by an uninterrupted inflow of raw materials and outflow of final products
without the need for tedious intermediate product storage and relocation. As a result,
each unit operation has to ensure the quality of the intermediate products in real-time. As
indicated by the Food and Drug Administration (FDA), such an approach often involves a
more detailed process design to guarantee process control and product quality as compared
to batch manufacturing (Lee et al., 2015b).
A solution is found in the process analytical technology (PAT) framework which encourages
the use of scientifically sound tools and principles to enhance process understanding and
control (FDA, 2004). In this respect, real-time analysers as well as mathematical models
are extensively being reported in literature to characterise either chemical or physical
attributes of the intermediate and final products (Fonteyne et al., 2015b). An overview
specifically for wet granulation is provided by Suresh et al. (2017). Of particular interest for
all agglomeration processes is the resulting granule size distribution (GSD). Indeed, granule
size and morphology are directly related to intermediate quality attributes such as granule
flow, compressibility and the tendency of a particulate stream to segregate. Such processing
properties, in turn, are essential when defining the critical tablet quality attributes such as
tablet content uniformity, weight and hardness in a downstream compaction step (Hlinak
et al., 2006). Hence, the need for monitoring tools and legally binding specifications on
granule size in the pharmaceutical industry.
In the field of batch agglomeration the use of different in-process particle size analysers has
extensively been reported. For well-established unit operations such as high shear and fluid
bed granulation, different technologies are used: focused beam reflectance measurements
(FBRM), image analysis, near-infrared spectroscopy (NIRS), spatial filtering velocimetry
(SFV), acoustic emission (AE) and vibration analysis (Hansuld and Briens, 2014; Silva
et al., 2014; Suresh et al., 2017). However, the transfer of these technologies to the direct
monitoring of a continuous twin screw wet granulation process is not straightforward. On
the one hand, representative presentation of the sample to the instrument’s probing zone
is complicated due to the particulate nature of the process stream itself. Hence integrating
solutions have to be designed custom to the instrument itself by either the instrument
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vendor (e.g. Sympatec’s Twister and Parsum’s flow and eductor cells) or the equipment
manufacturer (e.g. GEA Pharma System’s Lighthouse Probe™). Indeed, some measurement methods prefer highly dilute particle streams, while others require more dense process
streams. The outgoing stream of a twin screw granulator is typically very dilute as compared to the mass found inside batch unit operations. A low particle density is the result
of the relatively low material flow rates used for continuous manufacturing applications.
Knowing that some measurement technologies require precise presentation of the sampled
particles (< 1 mm), too dilute streams can prevent them from successfully being integrated
in a continuous granulation line (Silva et al., 2013). Moreover, dilute streams exhibit only
a limited self-cleaning effect on the measurement window when the instrument is in contact
with the process stream. Indeed, this is of major importance when working with wet granules (Kumar et al., 2013b). On the other hand, the fact that twin-screw wet granulation
is characterised by short residence times, with limited axial mixing, makes the monitoring
challenge even more complicated (Kumar et al., 2016a). Although highly desired from
a material tracking point of view, a short mean residence time (MRT) combined with a
narrow residence time distribution (RTD) lowers the process unit’s ability to reject disturbances, i.e. dampening of upstream fluctuations (Rehrl et al., 2018). Because of this,
high frequent measurements are ideally required for process synchronisation. One way to
overcome both issues, i.e. the dilute material stream and high frequent measurements, is
intermittent material buffering downstream of the continuous twin-screw granulation unit
operation, preferably after fluid-bed drying. This allows for dense plugs of granules combined with less frequent measurements. For example, Kumar et al. (2013b) applied this
strategy for granule size measurements using the focused beam reflectance measurements
(FBRM) technology. However, such an approach deteriorates the performance of a continuous manufacturing control strategy. This is because the amount of material that needs to
be rejected in case of an out-of-specification (OOS) event, is proportional to the time delay
between the moment of granule production and the measurement instant. Considering
that granule drying accounts for a large portion of the total processing time, size analysis
would ideally be performed directly after twin-screw granulation.
Despite the challenges confronted with in a continuous manufacturing setting, different
real-time analysers have been tested directly after twin-screw wet granulation. El Hagrasy
et al. (2013) evaluated the Eyecon™ direct optical imaging particle analyser and its performance in a statistical process control strategy for a 16 mm twin-screw wet granulator.
The continuously measured signals proved to be consistent with offline sieve analysis for
different lactose grades. Yet, it appeared that the particle count signal and the x10,3 signal
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(respectively the rate at which particles are being measured and the 10th percentile of the
volume based granule size distribution) are more sensitive to perturbations in the liquid-tosolid ratio (L/S-ratio) as compared to the x50,3 and x90,3 signals. In fact, the signal-to-noise
ratio (SNR) of the latter two signals decreases as the L/S-ratio decreases. According to
the authors this is attributed to the fact that when dealing with broad granule size distributions and imaging techniques, larger granules are less frequently represented in the
image. This makes that x50,3 and x90,3 raw size signals are more susceptible to temporal
fluctuations in case of measurements with low particle counts, which is more pronounced
at high L/S-ratios. A similar experimental observation was made by Sayin et al. (2015)
on an 11 mm twin-screw granulator. It confirms that the high number of fluctuations in
the size signals are inherent to the process, i.e. a broad granule size distribution originating from the powder and liquid feeding methods combined with low particle counts of
the measurement instrument. Another imaging technology evaluated for twin-screw wet
granulation is shown in the work of Madarász et al. (2018). Using dynamic image analysis
(DIA) the x50,3 signal was effectively controlled on setpoint using a proportional controller
with manual reset at a relatively high measurement rate. Although other size signals were
not mentioned it was shown that the measurement variability increases when increasing
the L/S-ratios. Again, this is the result of a decreasing particle count as more granulation
liquid is provided.
An alternative to image analysis is spatial filtering velocimetry, commercially made available by Parsum® . This is an optical technology which, in its modified form, allows to
calculate the chord length of a particle by measuring the velocity of its shadow image
casted on an array of photodiodes (Petrak, 2002). Numerous applications of spatial filtering velocimetry (SFV) have been reported in the area of batch pharmaceutical drug
product manufacturing, e.g. high shear wet granulation (Wenzel and Nirschl, 2015), fluid
bed granulation (Schmidt-Lehr et al., 2007; Närvänen et al., 2009; Burggraeve et al., 2010;
Huang et al., 2010; Fischer et al., 2011; Silva and Taranto, 2015), pellet coating (Folttmann
et al., 2014; Hudovornik et al., 2015; Wiegel et al., 2016), milling and hot melt extrusion
(Moradiya et al., 2016). Besides, SFV was also proposed for the real-time monitoring of
particles formed during tablet disintegration (Quodbach and Kleinebudde, 2014). With
respect to twin-screw wet granulation, the work of Fonteyne et al. (2013) illustrates the
use of SFV in combination with near-infrared (NIR) and Raman spectroscopy to characterise both physical and chemical attributes of a continuous wet granule stream. The study
revealed that despite the integrated air-cleaning system, window fouling of the probe prevents a robust integration of the SFV technology. Therefore, it was suggested that future
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studies should focus on the optimisation of the measurement interfacing and cleaning system. Related to probe interfacing, the study of Roßteuscher-Carl et al. (2014) also showed
how different positions and configurations of the SFV probe inside a batch fluid bed granulator can lead to significantly different size measurements. Hence, both studies indicate
the importance of a well-designed measurement interface for correct sample presentation.
Differences in software defined parameters can also have an effect on the measured granule
size. An important parameter in case of continuous measurements is the size of the particle
buffer, i.e. the number of particles taken into account to compute a size distribution. A
low value results in a more volatile measurement whereas a higher value gives rise to
measurement smoothing. Hence, a compromise has to be made between synchronising to
the current particle size distribution of the process and the precision of the measurements.
In view of continuous manufacturing, this is certainly of great importance because sudden
variations in granule size should ideally be detected and not be masked as a result of signal
filtering. The theoretical study of Masuda and Gotoh (1999) proves that for a log-normal
distribution with given standard deviation, it is possible to analytically derive the minimum
number of particles required to estimate, with a defined probability, the true mass median
particle diameter. However, in a lot of cases the underlying particle size does not always
follow a log-normal distribution nor is it possible to define its standard deviation upfront.
The conclusion therefore is that although some theoretical studies provide indications, the
number of particles taken into account is usually based on empirical or expert knowledge.
A more scientifically inspired approach can be achieved by including re-sampling schemes
as illustrated by Matsuyama (2018). It is however important to note that when dealing
with skewed distributions, e.g. the resulting granule size distribution after twin-screw wet
granulation contains a low fraction of high-volume coarse particles, the number of particles
required for precise measurements increases (El Hagrasy et al., 2013; Gamble et al., 2015).
In the case of SFV, the number of particles taken into account is defined by the operator
using what is called a ring buffer size (Parsum, 2008). Whenever the chord length of a
particle is measured, its value is added to the buffers memory by removing the oldest
measurement, i.e. first-in-first-out. This allows for a continuous rolling calculation of
particle size distributions. In fact, from a system theory point of view this buffer adds a
constant coefficient finite impulse response (FIR) filter to the granule size measurements.
For batch processes, research has been conducted to investigate the impact of the ring buffer
size on the measurements. For example the work of Folttmann et al. (2014) describes the
outcome of SFV measurements with different buffer sizes, i.e. 5,000-200,000 particles, for
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a pellet coating process. As expected, the SNR is the weakest at the lowest size of the
ring buffer. In addition, the effect of prefilling the buffer before the onset of the process
was also investigated. While prefilling does improve the initial measurements, it does not
change the measurement result near the endpoint of the batch. Also, when exceeding ring
buffer sizes of 50,000 particles the different processing phases during fluid bed coating were
not easily identified due to the delayed response. The study by Fischer et al. (2011) in the
field of fluid bed granulation, investigated this response delay in more detail and concluded
that the duration of the transient period is indeed equal to the time it takes to charge the
entire ring buffer. Just like an FIR filter phase shifts its input signal.
Although scientific research has been reported related to SFV sample presentation for
batch agglomeration processes, it is not the case for continuous agglomeration processes.
The present work therefore illustrates how SFV based granule size measurements located
at the end of a twin-screw wet granulation barrel, can be improved in terms of measurement accuracy, precision and reproducibility. To this end, different experimental trials
were conducted to understand the effect of (1) the different dispersion accessories provided
by the instrument vendor, (2) the software operating parameters and (3) the intermittent back-flush of pressurised air. Once uncovered, the dynamic behaviour of the optimal
measurement configuration can be investigated. Ultimately, this provides insight on the
applicability of the SFV technology in a continuous manufacturing setting.

9.2
9.2.1

Materials and Methods
Twin-screw wet granulation

In this work, a placebo formulation was used for exploratory and optimising experiments.
In this case, α-Lactose monohydrate filler (Pharmatose 200M, Caldic Belgium NV, Hemiksem, Belgium) was granulated with demineralised water. The milled lactose grade is characterised by free flowing behaviour, and a x50,3 of 35 µm was obtained with laser diffraction
(Malvern Panalytical Ltd, Malvern, UK). Granulation was performed with the 25 mm twinscrew wet granulation unit of the ConsiGma™ 25 continuous tableting line (GEA Pharma
Systems NV, Collette, Belgium). A detailed overview of this system is provided elsewhere
(Vercruysse et al., 2012). The screw configuration used in this work consisted of two separate kneading compartments of 6 kneading elements each arranged in a 60° stagger angle.
In between the two high shear zones, a conveying compartment of the same length was
inserted. In this way, excessive material build-up in the kneading zone was prevented. An
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extra conveying element was implemented after the second kneading block together with 2
narrow kneading elements to reduce the formation of oversized agglomerates (Vercruysse
et al., 2015). All granulation experiments were performed at a constant screw speed of
900 RPM, a powder mass flow rate (PMFR) of 20 kg/h (K-PH-ML-D5-KT20, Coperion
K-Tron, Sewell, NJ) and a granulator barrel temperature of 25 °C. Regarding the liquid
addition system, two 1.6 mm nozzles were placed before the first kneading compartment.
To achieve minimal variations in the granule liquid distribution, the pump heads of the
two parallel peristaltic pumps (313VDL/D, Watson-Marlow Fluid Technology Group, Falmouth, UK) were configured out-of-phase in all experiments (Vercruysse et al., 2014). Depending on the experiments performed, the liquid flow rate was varied in-between 25 g/min
and 40 g/min. This results in an L/S-ratio in-between 7.5 %w/w and 12.0 %w/w. Note that
the accompanying pump speed was determined beforehand using the ConsiGma™internal
calibration procedure. In this way, all experiments could be performed in open-loop to
exclude the slow response of the low-level feedback controller present in the liquid addition
system (see Chapter 8).
9.2.2

Inline granule size analysis

The Parsum® IPP70-S probe together with the Inline Particle Probe Software v8.01 were
used for continuous inline particle size analysis (Parsum GmbH, Chemnitz, Germany). The
measurement principle of this instrument is based on modified spatial filtering velocimetry
(SFV). To this end, a semiconductor laser diode emits a visible light beam (wavelength
of 670 nm) onto a spatial filter resulting in an array of optical fibres each detected by a
photo-detector. Whenever a particle passes the laser, a shadow is cast on the array of
photo-detectors which results in a burst signal. By calculating the frequency of the burst
signal, the particle velocity can be calculated. Hence, the term spatial filtering velocimetry.
At the time of passage, a secondary pulse signal is also obtained which provides information
on the time of flight of a moving particle in a single optical fibre, i.e. fibre-optical spot
scanning. The chord length of the particle is subsequently calculated by multiplying the
particles velocity and its time-of-flight through a single optical fibre. From a chord length
distribution (CLD) a particle size distribution (PSD) is calculated using the proprietary
instrument software. More detailed information on the measurement principle and CLDPSD transformation can be found elsewhere (Petrak, 2002; Silva et al., 2013).
When probing gas-solid dispersions for SFV based size analysis, it is key that the sensing
zone of the measurement probe is not overloaded by the particle stream. High concen-
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trations may lead to particle overlap or coincidence which result in biased measurements
shifted towards the larger size range (Silva et al., 2013). The Parsum® technology quantifies this using the particle loading variable. This is a measure for the relative amount of
particles in the measurement volume [%]. Although strict limits are not provided by the
instrument vendor, it is recommended to keep the particle loading well below 35 % for fluid
bed processes. Hence, the maximum particle loading was set to 35 % in the measurement
software for all experiments in this work. This ensures that measurements above this loading threshold are not taken into account when constructing the particle size distribution.
The grid used for the measurements obtained with the inline SFV instrument contains a
total of 23 bins. These are logarithmically spaced between 35.5 µm and 5623.4 µm.
9.2.3

Process-instrument interface

To improve particle dispersion and probe window cleaning, different mountable accessories
are available for the IPP70-S probe. With the help of pressurised air flows through the
internal and/or external channels of these accessories, particles are dispersed and optics
are kept clean. In this work, the measurements obtained with the open flow cell SZ11
as well as the D12 inline disperser are compared for the placebo formulation. Both allow
for particle size measurements up to 6000 µm. While the SZ11 is solely used to clean the
probe optics with the help of an air curtain, the D12 accessory also actively disperses
the incoming particle stream by accelerating each particle towards the measurement zone
(Figure 9.1). This results in less overlap between individual particles, hence an improved
sample presentation. The Parsum® air supply unit v01/2015 was used to regulate the
internal air flow rate of the SZ11 to 4 L/min and both the internal and external air flow
rate of the D12 to respectively 30 and 6 L/min. In addition, every 60 s a backflush of
pressurised air was provided during a one second period in the opposite direction of the
particle stream. This was only done for the D12 external air channel to prevent blockage
of the 7 mm aperture in case of extensive process operation.
Mechanical integration of the IPP70-S probe directly after the twin-screw granulator barrel
was made possible with the help of a custom built process-instrument interface (Figure 9.2).
This interface is essential in two ways. In the first place, it ensures exact and repeatable
positioning of the probe in such a way that the measurement aperture is always upright
and in the centre of the granule stream. And secondly, because of the removable funnel
at the top of the interface the wet granule stream can be concentrated before the aperture
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Figure 9.1: Left: Schematic of the D12 inline sample disperser. Middle and
Right: Image illustrating how the D12 accessory is mounted onto the measurement zone of the Parsum® probe.

of the accessory is reached. The latter, increases the particle loading to the measurement
zone of the probe.
9.2.4

PAT data management

In addition to software for the analysis and the visualisation of the measured particle
size distributions, an OPC server program (Parsum OPC Server v2.0, Parsum GmbH,
Chemnitz, Germany) was installed on the same PC of the instrument. In this way, all
measurement data is made available to different nodes of the computer network using
the object linking and embedding for process control (OPC) DA digital communication
protocol. The same protocol was also used for the networked communication of all univariate process data coming from the SCADA/HMI host of the ConsiGma™ 25 process (iFix
OPC 2.0 server, GE Fanuc Intelligent Platforms Inc., Fairfield, CT). Ultimately, SIMATIC
SIPAT v4.0 (Siemens AG, Brussels, Belgium) was used for the alignment and storage of
the process data and the data obtained from the real-time particle size analyser. Advanced
calculations as well as constructing dynamic liquid addition profiles were handled in MATLAB v7.12 (The MathWorks Inc., Natick, MA) which acts as a COM automation server for
function calls from within SIPAT. The entire network architecture is visualised in Figure
9.3.
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Figure 9.2: Left: Side view of the custom process-instrument interface. Note
the removable funnel at the top (grey). Dimensions are in mm. Right: Image
of the custom process-instrument interface directly after the granulator barrel.

9.2.5

Post-processing the measurement data

Offline data analysis was performed in MATLAB v9.3 (The MathWorks Inc., Natick, MA).

9.3

Experimental plan

In this study only the effect of varying the L/S-ratio on the granule size distribution is
discussed. Although other factors such as screw speed and barrel fill level can also be
varied, they were not considered here because of their relatively low impact as compared
to the impact of the L/S-ratio on the granule size (Verstraeten et al., 2017).
9.3.1

Granule dispersion

Three different scenarios (SZ11, D12 and D12 + Funnel) were studied for the placebo
formulation in order to evaluate the effect of active particle dispersion on the measured
granule size distribution. In the first scenario, the SZ11 flow cell was mounted on to the
measurement zone. This is considered the base case for comparison as the wet granules are
not dispersed by the SZ11 accessory. Next, a scenario with the D12 inline sample disperser
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with the inline particle size analyser.
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is assessed. This accessory uses pressurised air to accelerate the granules which results
in a more dispersed particle stream. In addition to particle dispersion, it also provides
the same air curtains in front of the optic windows as the SZ11. In a third scenario, the
D12 inline sample disperser was used together with the funnel of the interfacing device to
concentrate the granule stream before the actual measurement. For each of these scenarios,
continuous measurements were performed with different sizes of the ring buffer (Table 9.1).
Moreover, each experiment was performed in duplicate to assess the reproducibility of the
combinations. Considering future application in a continuous manufacturing setup, all
experiments were performed under dynamic process conditions. To this end, the following
dynamic profile was automatically applied to the liquid flow rate in each experiment: 100 s
at 7.5 %w/w; 100 s at 12 %w/w; 100 s at 7.5 %w/w. During each of these 300 s lasting
experiments eight different signals were monitored and logged every second using SIPAT.
Six of the signals are derived from either the number- or volume-based PSD: x10,0 [µm];
x50,0 [µm]; x90,0 [µm]; x10,3 [µm]; x50,3 [µm]; x90,3 [µm]. The other two signals provide
information on the actual status of the measurement instrument itself: particle rate [s−1 ]
and particle loading [%]. The particle rate represents the number of particles passing
through the optical path of the laser per second, whereas the particle loading is a measure
for the relative amount of particles in the measurement volume.

Figure 9.4: Illustration of the probe setup for each of the three scenarios
considered. Left: SZ11 flow cell. Middle: D12 inline sample disperser. Right:
D12 inline sample disperser preceded with a concentrating funnel. Note that
all accessories are mounted onto the measurement zone of the probe.
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Table 9.1: Overview of the different ring buffer size experiments performed
to evaluate the effect of particle dispersion on the measured granule size distribution.

SZ11
Buffer Size
Experiment
[# particles]
1
1000
2
1
3000
2
1
5000
2
9.3.2

D12
Buffer Size
Experiment
[# particles]
1
1000
2
1
3000
2
1
5000
2

D12 + Funnel
Buffer Size
Experiment
[# particles]
1
5000
2
1
7500
2
1
10000
2

Sample size

For each of the three scenarios with the placebo formulation (SZ11, D12 and D12 + Funnel),
the sample size (i.e. the number of granules passing through the measurement zone during
a defined period of time [kg/h]) was determined both experimentally and theoretically.
The presence of a continuous internal and external air stream was also evaluated for the
two cases with the D12 inline sample disperser. As a result, in total five different scenarios
were assessed for sample size determination: SZ11, D12, D12 + Air, D12 + Funnel, D12
+ Funnel + Air. In the experimental approach, granulation was performed at an L/Sratio of 7.5 %w/w and mass flow rate of 20 kg/h. At the same time, the pulsed flow on
the external air channel of the measurement system was disabled. Beforehand a 16 mm
PVC tube was positioned directly underneath the measurement zone of the probe (Figure
9.5). After a start-up period of 90 s the bottom of the measurement tube was closed
using a rubber stopper. Exactly 30 s later the twin-screw granulator was immediately shut
down. During this period only the granules passing the measurement zone of the IPP70-S
probe accumulated inside the measurement tube. Afterwards, the weight of the granule
sample was measured using a laboratory scale (PB3001, Mettler Toledo, Columbus, OH)
to determine the experimental sample size ṁs,exp [kg/h]. Note that each experiment was
performed in triplicate. The theoretical sample size ṁs,th [kg/h] was calculated as follows

ṁs,th =

d1
d2

2
ṁP M F R

(9.1)
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With d1 the interface opening diameter [mm] (SZ11 and D12: 42 mm) or the funnel outlet
opening diameter [mm] (D12 + Funnel: 27 mm); d2 the diameter of the measurement
aperture [mm] (SZ11: 10 mm; D12: 7 mm) and ṁP M F R the powder mass flow rate [kg/h].
Note that Equation 9.1 assumes that the distribution of granules over the cylindrical inlet is
uniform. The influence of the air stream is however not taken into account in the proposed
calculation method. This makes that the sample size of only three scenarios could be
calculated: SZ11, D12 and D12 + Funnel.

Figure 9.5: Left: Illustration of the experimental setup (side view) to determine the sample size. Right: Top view image of the actual setup. The
reflected red light is a result of the laser used in the measurement zone of this
instrument. Note the difference in surface area of the interface inlet and the
surface area of the aperture.

9.3.3

Intermittent backflush

Integrating a dispersion accessory on top of the probe tip is supposed to increase the
particle dispersion and therefore improve the overall performance of the measurement instrument. However, this is only possible if the accessory’s aperture is accessible for the
particles. In case of twin-screw wet granulation, the wet granules should not block the
entrance path. Preventing aperture blockage is therefore of major concern in the scope of
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continuous measurement campaigns. A solution exists in providing an intermittent pulse of
air though the aperture in the direction opposed to the granule flow. For the Parsum® D12
accessory this functionality is available through the external air channel. An intermittent
backflush of pressurised air is applied on the external channel using a 2/2 electro-pneumatic
valve operated by a solenoid mounted digital timer (D-LUX Timer, JORC, Heerlen, The
Netherlands). The impact of this sudden burst of air on the continuously measured granule
size distribution and instrument performance signals was investigated for the D12 sample
disperser with funnel and placebo formulation. To this end, three additional runs of 300 s
at a constant L/S-ratio of 7.5 %w/w were performed. The backflush was automatically
triggered every 10 s. For increased sensitivity the ring buffer size was lowered to 3000
particles.

9.4
9.4.1

Results and discussion
Improved size measurements through granule dispersion

The wet granule loading of the size analyser is visualised in Figure 9.6 for each of the three
considered scenarios (SZ11, D12 and D12 + Funnel) and this in duplicate. Note that a
dynamic profile was applied to the L/S-ratio, from 7.5 % w/w to 12 %w/w at 100 s and
back to 7.5 %w/w after 200 s. A first observation is that the overall behaviour of the two
replicates is very similar for each of the considered scenarios. This is essential as it proves
that the measurements are repeatable from a mechanical interfacing point of view. This
was indeed one of the main objectives of the process-instrument interface.
Regarding the SZ11 flow cell, the particle loading shows strong variations. Yet, a clear
distinction can be made between both the low and high L/S-ratio regimes. Larger particles
are formed in case of an L/S-ratio of 12 %, while the number of particles decreases as
a consequence. Also, the threshold for the maximum loading is crossed multiple times
(loadings up to 81 % at low L/S-ratios), which could indicate biased measurements in
case of the SZ11 scenario. Moreover, the number of individual particles identified by the
analyser (i.e. the particle rate) appears unexpectedly low for each of the two replicates.
On average, around 114 granules/s are identified for a 7.5 %w/w L/S-ratio whereas only
30 granules/s are identified at the higher 12 %w/w L/S-ratio. Indeed, when the wet granule
concentration is too high coincidence occurs. The measurement system can therefore not
discriminate between the individual granule entities. This drastically reduces the particle
rate. These results clearly indicate that direct insertion of the probe into the wet granule
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stream without additional particle dispersion is not recommended and should therefore
be avoided. Although previous work performed by Fonteyne et al. (2013) did not report
loading issues, it did report that future studies should perform a more detailed investigation
of the sample presentation as fouling was a major concern.
The second scenario which is characterised by active granule dispersion using the D12
accessory is shown in the middle graphs of Figure 9.6. Indeed, dispersing the particles
using an internal air flow of 30 L/min results in much lower granule concentrations inside
the measurement zone. On average only 3.5 % of the measurement volume is occupied
during the low L/S-ratio regime, whereas for the high L/S-ratio an average granule loading
of 1.6 % is measured. While the particle loading decreases, an increase in the particle
rate is detected, up to 764 granules/s and 114 granules/s for respectively the low and high
L/S-ratio regime. This confirms the observation of granule coincidence when using only
the SZ11 flow cell. The particle loading during the trials performed with the D12 only is
well-below the maximum of 35 %. While this is already significantly better as compared
to the SZ11 scenario, there is plenty of room for improvement. To increase the particle
loading and thus also the particle rate even further, two approaches are possible. Either
the granule stream is concentrated just before reaching the dispersion mechanism or the
overall material flow rate is increased. The latter will also change the fill level inside the
barrel and thus potentially cause differences in granule attributes, increasing the granule
concentration only requires to change the sample presentation. Hence, an optional funnel
was inserted at the top of the process-instrument interface. Note that a trade-off should
be made between the increasing concentration of granules before the measurement zone
and the increasing prevalence of aperture blockage. Using a trial-and-error approach, the
design of the funnel was adapted to prevent overloading of the D12 sample disperser as
well as bridge formation inside the funnel itself. In this case, a funnel outlet diameter
of 27 mm gives satisfactory results. As clearly shown in Figure 9.6, placing the funnel
just before the sample disperser doubles the particle loading as compared to the scenario
without funnel, i.e. 7.2 % and 2.6 % for respectively the low and high L/S-ratio. At the
same time, the particle rate increases with a factor three up to an average of 225 granules/s
and 1664 granules/s respectively. The more granules measured during each sample interval,
the more representative the final particle size distribution will be.
Another important observation which is visible in all three scenarios of Figure 9.6, is the
fact that the rate at which the twin-screw granulation system responds to a change in L/Sratio is relatively fast. The time delay is less than 5 s and the time constant of the step
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change is in the order of one sample interval. Also, note that the variance of the particle
rate signal seems to increase for decreasing L/S-ratios whereas it remains similar for the
particle loading signal. This is in contrast to previous work reported on image analysis for
twin-screw wet granulation (El Hagrasy et al., 2013; Sayin et al., 2015).
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Figure 9.6: Particle loading and rate for the three different scenarios (SZ11,
D12, D12 + Funnel). The shaded area indicates the high L/S-ratio regime.

Figure 9.7 illustrates the accompanying granule size distribution metrics during each of the
dynamic granulation experiments, with a ring buffer size of 5000 particles. Note that only
the scenario SZ11 and D12 + Funnel are depicted here. A general observation is the fact
that as the L/S-ratio temporarily increases, the granule size increases almost immediately
as well. This is expected because having a higher availability of granulation liquid results
in more and stronger liquid bridges between the primary powder particles (Seem et al.,
2015). Besides, all size signals return to their initial range after the temporary increase in
the granulation liquid feed rate, indicating no irreversible changes in the process state.
When comparing the measurements obtained with the SZ11 flow cell with those resulting
from the D12 inline sample disperser and funnel, multiple observations can be made. First
of all, it appears that the entire SZ11 size distribution is shifted towards the larger granule
size ranges. Indeed this was expected from the particle loading which indicated granule
coincidence due to an overload of the measurement zone. This is most visible when the
L/S-ratio is low (0 - 100 s and 200 - 300 s) which comes with the highest particle rates and
thus a higher probability of overlap within the measurement zone. When the L/S-ratio is
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high both the SZ11 and D12 + Funnel signals follow very similar trends for the volume
based distribution. Also related to the particle rate is the response time of the measurement
system. For the same ring buffer size of 5000 particles, the scenario with the SZ11 flow cell
has much more gradual and therefore longer response times. This is more pronounced as
the L/S-ratio increases, i.e. less particles are available to fill the ring buffer. The signals
obtained in case of the D12 + Funnel scenario show a much more abrupt change in granule
size, indicating the very fast response of the twin-screw granulation process to changes in
the liquid addition rate. This makes that the D12 + Funnel scenario is more sensitive to
changes in the granule size distribution. This is well illustrated when looking at the x10,0
signal. Whereas in the case of the SZ11 no clear indications of granule size changes are
detected, a sudden decrease is visible when using the D12 sample disperser. Note that
this is the only signal to decrease with increasing L/S-ratio. A definite explanation is
missing. Also, the gain of each step change is higher for both the number and volume
based distributions in case of granule dispersion.
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Figure 9.7: Granule size distribution parameters for the SZ11 and D12 +
Funnel scenarios under dynamic conditions. The results shown are for a ring
buffer size of 5000 particles.

With respect to measurement variability similar findings are found as in other studies
regarding continuous twin-screw wet granulation (El Hagrasy et al., 2013; Sayin et al.,
2015). That is, the SNR increases with the percentile of the volume size distribution. This
is however not the case for the size parameters derived from the number based distribution.
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Signal variability also seems to be less existing in case of the SZ11 flow cell. Most likely this
is masked by the low particle rate. The extent to which the different size signals vary also
seems to be dictated by the granule size. Larger granule sizes, i.e. produced at a higher
L/S-ratio, exhibit less measurement variability as compared to distributions characterised
by smaller granules. This is most likely the result of a change in the shape of the volume
based size distribution. At a low L/S-ratio, the granule size distributions obtained for
twin-screw wet granulation are typically wide, skewed and bimodal because of the limited
availability of granulation liquid. This leads to more variations in the particle sizes being
measured when considering a limited size of the ring buffer. When increasing the L/Sratio, sharper mono-modal distributions are obtained which results in less measurement
variability (Verstraeten et al., 2017).

SZ11: Granule size [µm]

Comparing the different size distribution signals reveals that not all of them are sensitive to
changes in the process. In this case, the x50,0 signal does not seem to capture the changes
in the L/S-ratio. This is observed for both scenarios. For the SZ11 flow cell measurements,
the x50,3 signal even appears to behave irregular as compared to the other size percentiles.
Taking into account that all signals in Figure 9.7 are derived from the same underlying
chord length distribution, a strong correlation is to be expected.
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Figure 9.8: Granule size distribution parameters for the SZ11 and D12 +
Funnel scenarios under dynamic conditions. The result shown are for varying
sizes of the ring buffer size.
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The number of granules taken into account to reconstruct the actual distribution is a crucial
parameter in real-time particle size analysis. The effect of increasing ring buffer sizes on the
different size parameters for the SZ11 and D12 + Funnel scenario is illustrated in Figure
9.8. As expected, increasing the ring buffer size above 1000 particles for the SZ11 flow
cell without dispersion gives rise to delayed responses with low sensitivity towards process
changes. On the other hand, lower sizes of the ring buffer make that the size signals are
much more volatile with a poor SNR as a result. This is most pronounced at the low L/Sratio because the actual size distribution is wide and asymmetric. Again, the measurement
variability increases for higher size percentile signals. This is most pronounced when the
L/S-ratio is low and the ring buffer size is small. Regarding the D12 + Funnel scenario, the
investigated ring buffer sizes were much higher. The reason for this choice is related to the
much higher particle rates obtained when the particles are dispersed. When applying a ring
buffer size of less than 5000 particles, the precision of the measurements decreases fast, i.e.
high variability. Therefore, it was not possible to make a clear distinction between applying
a low or high L/S-ratio in case of such low ring buffer sizes. The size signals for D12 +
Funnel show fast and very similar responses for all three of the considered buffer sizes.
This is because of the high particle rates. As compared to the SZ11 scenario, however, the
x10,3 signal response time does not follow the expected trend when increasing the buffer
size. This might be due to measurement variability.
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Figure 9.9: Granule size x50,3 for the SZ11, D12 and D12 + Funnel scenarios
under dynamic conditions. Two different repetitions of the same experiment
are shown for a ring buffer size of 5000 particles.

An important feature of a well-functioning measurement instrument is good measurement
reproducibility. As shown in Figure 9.9, each experimental repetition responds to the
induced change in liquid addition rate. However, active particle dispersion with the D12
+ Funnel seems to have improved measurement reproducibility for the same constant ring
buffer size. In fact, the chord lengths stored in the ring buffer are refilled much faster.
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Therefore the influence of each chord length measurement is bound to a much smaller time
interval. Hence measurement drifts are rapidly compensated which gives rise to a more
reproducible signal. When the particle rate is low, as is the case for the measurements
with the SZ11 flow cell, the measured chord lengths reside much longer in the ring buffer.
This could cause the size signals to drift during a much longer period of time and therefore
induce reproducibility issues (e.g. a granule size near the extremes of the granule size
distribution).
Based on the aforementioned observations, it is clearly important to select an adequate
size of the ring buffer. According to Scheibelhofer et al. (2016), the rule of thumb used
by manufacturers of particle size measurement devices is to set the buffer size to a value
that is at least 1000 times larger as compared to the number of bins used to classify the
observations. Although it can be a first good guess, such an empirical rule does not take
into account information related to size distribution nor of the system. A first parameter
that is important in selecting the ring buffer size should be the width of the distribution
being measured. If the PSD is very narrow, it might be sufficient to measure the size of
only a few particles. The inverse also holds, if the spread on the size distribution is high,
a large number of particles needs to be analysed before an accurate representation of the
distribution can be found. Clearly, the desired measurement accuracy and range also affect
this value. Other parameters that are important, especially when working with continuous
unit operations, are the observed particle rate and the MRT. When the MRT of a unit is
short, the buffer size should preferably also be kept relatively small in order to synchronise
the measurements with the actual process behaviour. This way disturbances or trends can
more rapidly be detected. Similar to real-time filtering of signals. Yet, this is also subject
to the particle rate observed by the instrument. Indeed, when aiming for process and
measurement synchronisation at high particle rates, the buffer size can be much higher as
compared to a situation with low particle rates.
9.4.2

Determination of the experimental and theoretical sample size

Results for the experimental determination of the measured sample size are given in Table
9.2. The repetitions for each of the five scenarios are clearly in line with one another, indicating good reproducibility of the proposed measurement setup. Regarding the obtained
sample sizes ṁs,exp , it can be concluded that the average sample size is larger for the SZ11
as compared to the D12 setup without the external air supply and without additional
concentration step using the funnel. This was expected since the aperture diameter of
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the SZ11 flow cell is larger as compared to the aperture of the D12 disperser, respectively
10 mm and 7 mm.

Table 9.2: Experimentally determined sample sizes. The sample size is expressed both in absolute weight [g/30s] and relative to the powder mass flow
rate [%].

SZ11
[g/30s] [%]
Sample 1
6.83
4.1
Sample 2
8.50
5.1
Sample 3
8.48
5.0
Average
7.94
4.8
SD
0.96
0.6
0.953
ṁs,exp [kg/h]

D12
[g/30s] [%]
5.50
3.3
6.33
3.8
4.50
2.7
5.44
3.3
0.92
0.6
0.648

D12
+ Air
[g/30s] [%]
6.17
3.7
5.33
3.2
6.33
3.8
5.94
3.6
0.54
0.3
0.713

D12
D12 + Funnel
+ Funnel
+ Air
[g/30s] [%] [g/30s] [%]
16.01 9.6 15.48
9.3
15.50 9.3 17.17
10.3
15.17 9.1 16.84
10.1
15.56 9.3 16.50
9.9
0.42
0.3
0.90
0.5
1.867
1.980

Interestingly, a slight increase in the average sample size is observed when the internal and
external air streams are present. This is the case for both the scenarios with and without
the funnel. The increase in average sample size is most likely due to the presence of a
downward air flow generated by the internal air channel which pulls additional granules
towards the measurement zone. Note that due to the limited number of measurement
samples, the significance of this observation was not verified further. Lastly, a large increase
in the sample size is observed when the funnel is present directly above the inline dispersing
mechanism. The sample size is more than doubled as compared to the SZ11 measurements,
which makes that almost 10 % or 2 kg/h of the granule stream is sampled for real-time size
analysis. These results are also in agreement with the observations of the sample loading
and sample rate (Figure 9.6).
Next to the experimental way of determining the sample size, a theoretical sample size can
also be calculated using the dimensions of both the process-instrument interface inlet and
the measurement accessory (see Equation 9.1).
Overall, the theoretical sample size ṁs,th seems to follow a similar trend as observed in
the actual experiments (Table 9.3). That is, the number of granules sampled for the SZ11
scenario is larger as compared to the D12 scenario. Yet it increases when the funnel is
put into the process-instrument interface. Nevertheless, an overestimation of the sample
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Table 9.3: Theoretical sample size based on equipment dimensions (Equation
9.1).

SZ11 D12 D12 + Funnel
d1 [mm]
42
42
27
d2 [mm]
10
7
7
Sample size [%] 5.7
2.8
6.7
ṁs,th [kg/h]
1.134 0.566
1.334
size is calculated for the SZ11 case, i.e. 0.181 kg/h. Whereas an underestimation for the
D12 only and D12 + Funnel cases was found, respectively 0.082 kg/h and 0.533 kg/h. It
should thus be concluded that the theoretical values are only a rough estimation of the
actual sample size. Note however that for the theoretical calculations, a uniform coverage
of the granules over the inlet of the interface was assumed. In practice this might not be
the case which could explain the difference.
9.4.3

Effect of the intermittent backflush

The impact of sudden bursts of pressurised air inside the process-instrument interface was
investigated and is reported in Figure 9.10.
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Figure 9.10: Left: Three replicates of the x90,0 signal while having a backflush
of air every 10 s. Right: Matching power spectral density plots for each of the
three signals. High power frequencies are depicted with a rectangular box.

When decreasing the ring buffer size to 3000 particles, the impact of these air bursts is
clearly visible as superposed peaks present on the low frequent baseline signal. Therefore,
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the power density spectrum of each replicate signal was calculated to verify that the periodicity of these peaks lines up with the pulsation of the backflush. Indeed, most of the
x90,0 signals power is found at specific frequency components: a fundamental frequency at
0.9 Hz and harmonics at around 0.18 Hz and 0.27 Hz. It is important to know that the PAT
data management platform only logs the data every second. Furthermore, the burst of air
was released each 10 s for a total duration of 1 s. Combining both timings results in a signal
period between 10 and 11 s, or a signal frequency between 0.1 and 0.09 Hz. This suggests
that the high power frequency components, as seen in the power density spectrum, must
come from the intermittent backflush present in the system.
One way to deal with the interference of this intermittent air purge is to reduce its occurrence. This means, activating the backflush only in case of need, which is whenever the
aperture of the inline disperser is blocked. A fast and automatic way to monitor aperture
blockage is through the use of the particle loading signal. In the remainder of this work the
backflush was therefore only triggered when the particle loading was below 2 %. To do so,
a solid state relay (WG-A5-6A-40Z, Comus, Clifton, NJ) was placed in between the power
cable of the pressurised air system together with a microcontroller (NI myDAQ, National
Instruments, Austin, TX) for automatic triggering.

9.5

Conclusion

In this work, the use of in-line spatial filtering velocimetry (SFV) was evaluated directly
after the continuous twin-screw wet granulation unit of the ConsiGma™ 25 continuous
tableting line. In a first step, a custom process-instrument interface was developed to
standardise the mechanical integration of the particle size analyser in the process stream. In
this way, similar particle loading and rate profiles were achieved for multiple experimental
repetitions.
Regarding the different sample presentation scenarios (SZ11, D12 and D12 + Funnel),
different dynamic responses were obtained. Due to the high particle loading and rate in
case of the D12 + Funnel scenario, the precision of size signals (x10,3 , x50,3 and x90,3 )
was noticeably improved using the same ring buffer size. This results in faster buffer fill
rates and thus faster response times. Moreover, less particle coincidence was observed
when particles were actively dispersed. This enhances the measurement accuracy greatly.
Applying active granule dispersion also increased the sensitivity of the measurement system
for L/S-ratio changes as well as the reproducibility of consecutive measurements. It was
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confirmed that the variability on the size signals increases for increasing percentiles of
the size distribution. However, a decrease in size signal variability was observed when
increasing the L/S-ratio.
Besides granule size related measurements, performance signals such as particle rate and
loading can also contain a lot of information on the actual state of the system. Therefore
these should definitely be exploited for process monitoring and control of the twin-screw
granulator process. As shown in the sample size experiments, concentrating the wet granule
stream with a funnel combined with active particle dispersion by the D12 accessory more
than doubles the number of granules being sampled for size analysis. The latter greatly
benefits the statistical power of the observations. Overall it should thus be concluded
that active particle dispersion using the D12 results in a better measurement performance
of the Parsum® SFV instrument for the twin-screw wet granulation process. Finally, a
suggestion was made to improve the air purging system in charge of aperture blockage
prevention. This is needed to minimise the impact of air bursts on the measured granule
size distribution.

CHAPTER 10
Process dynamics and closed-loop control
of a twin-screw wet granulation process
with verified inline granule size
measurements

In this work the inline SFV method, optimised in Chapter 9, was verified with an offline
reference technique. This provides a first indication on the accuracy of this real-time
particle size analyser. In the next step its use in a feedback control strategy was evaluated
specifically for the median granule size. An important aspect in the development of any
closed-loop control strategy is the basic understanding of the system’s dynamic behaviour.
That is why nonlinear distortion analysis, using a single tone sinusoidal excitation signal,
was performed in the second part of this chapter. Using the knowledge gained an adequate
closed-loop control strategy was formulated for the combined twin screw granulation and
real-time granule size measurement system.

10.1

Introduction

It is well known that the particle size distribution (PSD) of bulk powdered or granulated
materials can have a profound impact on the critical quality attributes of a final drug product (Hlinak et al., 2006). This is the case because the PSD determines bulk properties such
as density, cohesion and flow (Schulze, 2008). Changes in the intrinsic size of particulate
material should thus be closely monitored and controlled, not only for the incoming raw
materials, but also during processing steps that affect the size distribution. As such, the
potential of real-time monitoring and process control has also been investigated for different
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pharmaceutical unit operations, a prime example being batch granulation of pharmaceutical powders. The works of Watano (2001) and Watano et al. (2001) are considered among
the first scientific contributions to investigate the direct measurement and real-time control of granule growth in a high shear batch granulator. Here, a fuzzy logic control system
was used together with image analysis to control the power supplied to the liquid addition
pump to increasing or decreasing the rate of granule growth. Since then, many efforts have
been made to improve the monitoring systems of batch granulation processes. Yet, few
studies implement real-time control strategies that actively change the process operation
based on direct granule size measurements (Burggraeve et al., 2013; Suresh et al., 2017).
On the other end of the spectrum are continuous granulation techniques. With twinscrew wet granulation being increasingly popular among pharmaceutical drug product
manufacturers (Seem et al., 2015; Thompson, 2015). Early work on the continuous twinscrew process was mostly oriented towards understanding and improvement. Amongst
others, this research lead to the initiation of twin-screw wet granulation modelling (Kumar
et al., 2013a). Examples of experimentally calibrated, yet formulation specific, population
balance models (PBM) are provided in the works of Kumar et al. (2016b), Liu et al. (2018)
and Van Hauwermeiren et al. (2019). If proven valid, these models can be used as a first
means towards the development of closed-loop granule size control strategies. A theoretical
example is given by Singh et al. (2014a) which uses multiple proportional-integral (PI)
controllers to maintain a target average granule size and bulk density of the continuously
produced wet granules. Simulation studies do however not take into account the difficulties
encountered when working with inline particle size analysers, including measurement noise,
fouling and poor sample presentation (El Hagrasy et al., 2013; Fonteyne et al., 2013). Only
very recently, a first attempt towards closed-loop control of the twin-screw wet granulation
process was published by Madarász et al. (2018). Using dynamic image analysis (DIA) the
median granule size of the volume based distribution was effectively controlled on setpoint
using a proportional controller with manual reset at a relatively high measurement rate.
If the closed-loop dynamics of such a system are well understood this could open the door
towards more complex control strategies including model-based control. Other industries
also dealing with particulate processes have already unlocked this potential a long time
ago. Examples are mineral processing, chemical crystallisation, emulsion polymerisation,
aerosol synthesis and many more (Sbárbaro and del Villar, 2010; Christofides, 2002).
Given the increasing importance of closed-loop quality control, the objectives of this study
are (i) to verify inline spatial filtering velocimetry (SFV) granule size measurements with
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an offline image based reference technique, (ii) to explore the granule size dynamics of
a real-time monitored twin-screw granulation system, and (iii) to conduct a preliminary
investigation that evaluates the potential of real-time process control for twin-screw wet
granulation based on inline SFV.

10.2

Materials and methods

10.2.1

Twin-screw wet granulation of an active formulation

Whereas in the previous chapter a placebo was used to optimise the sample presentation
for inline particle size analysis, in this chapter a commercial pharmaceutical formulation including an active pharmaceutical ingredient (API) is used. The active formulation consists
of powdered acetaminophen (Mallinckrodt, Raleigh, North Carolina, USA), tramadol.HCl
(Proto Chemicals, Mitldi, Switzerland), maize starch (Cargill, Vilvoorde, Belgium), powdered cellulose (Solka-Floc, International Fiber Corporation, Ohio, USA), pregelatinised
starch (National Starch & Chemical company,Westchester, USA) and sodium starch glycolate (Roquette, Lestrem, France).
Wet granulation of this formulation is performed with the 25 mm twin-screw granulation
unit of the ConsiGma™ 25 continuous tableting line (GEA Pharma Systems NV, Collette,
Belgium). Demineralised water is used as a granulation liquid. The screw configuration
used in this study comprises two kneading zones each of 6 kneading elements staggered at
an angle of 60 degrees. Both kneading zones are separated by a conveying compartment. An
additional conveying element is placed directly after the second kneading block together
with two narrow kneading elements. This is done to reduce the formation of oversized
agglomerates. Depending on the experiments performed, the screw speed, powder mass
flow rate (PMFR) and the liquid-to-solid ratio (L/S-ratio) were varied.
10.2.2

Inline granule size analysis

The Parsum® IPP70-S probe together with the Inline Particle Probe Software v8.01 were
used for continuous inline particle size analysis (Parsum GmbH, Chemnitz, Germany). For
improved sample presentation the D12 inline disperser, preceded by a funnel to concentrate
the particulate stream, is employed in all experiments. The dispersion piece requires the
application of an intermittent backflush in order to avoid aperture blockage. In this case,
the backflush of pressurised air is only triggered when the particle loading fell below 2 %.
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With the help of a custom process-instrument interface, the IPP70-S probe is integrated
directly after the twin-screw granulator barrel. For process analytical technology (PAT)
data management and real-time calculations, SIMATIC SIPAT v4.0 (Siemens AG, Brussels,
Belgium) is used together with MATLAB v7.12 (The MathWorks Inc., Natick, MA). More
details about this experimental configuration can be found in Chapter 9.
10.2.3

Offline granule size analysis

Around 1 kg of wet granules were manually sampled directly after the twin-screw granulator. Each sample is dried overnight in an oven at 40 °C and 25 % RH. Subsequently, the
granule size distribution (GSD) for each of the collected samples is analysed using an offline
analysis technique. In this case the QICPIC high speed image-based particle size analyser
with gravity disperser GRADIS/L and dosing unit VIBRI/L is used. This benchtop instrument is configured to use the WINDOX v5.4.1.0 software package with the M7 data
acquisition settings (Sympatec GmbH, Clausthal-Zellerfeld, Germany). For this study, the
diameter of a circle of equal projection area (EQPC) is chosen to characterise the granule
size. The grid used for these measurements is comprised of a total of 35 bins. The bins
are logarithmically spaced between 8.46 µm and 6765.36 µm. Note that the number of bins
and the range of the grid is different from the inline particle size analyser. To conveniently
compare both size distributions, the offline measurements were corrected using a shapepreserving piece-wise cubic interpolation scheme which is available in MATLAB v9.3 (The
MathWorks Inc., Natick, MA).

10.3

Experimental plan

10.3.1

Experimental verification of the inline measurements

In a first step, the accuracy of the inline granule size measurements is verified. Hereto,
five different steady-state granulation experiments were performed (Figure 10.1). For each
of the five experiments, the L/S-ratio is changed independently from the other process
parameters while the PMFR and screw speed (SS) increased or decreased together. In this
way, the granulator barrel fill is maintained around the same level for both low (V1 and
V4) and high (V2 and V5) throughput experiments. This is expected to result in similar
particle size distributions when the L/S-ratio is kept the same. During each of the trials,
inline particle size measurements were performed together with manual grab samples for
offline particle size analysis. For the inline measurements the size of the ring buffer is
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adjusted for each experiment to achieve a ring buffer residence time of around 30 s. Note
that the inline and offline instruments use different measurement principles and internal
conversions to calculate the actual granule size. Hence, comparison of the results is not
straightforward (Silva et al., 2013).

Figure 10.1: Experiments performed to verify the inline Parsum® measurements (D12 accessory and funnel) with the offline QICPIC analysis.

10.3.2

Dynamic system excitation

Before implementing closed-loop process control, it is important to identify nonlinearities
present in the dynamic behaviour of the system. An important aspect of all dynamic
systems are the associated eigenfunctions. As shown in chapter 4, the class of complex
exponential signals, mathematically denoted as est with s ∈ C, are the eigenfunctions of
linear time-invariant (LTI) systems. This means that when such signals are applied as
the input for an arbitrary LTI system, the original sinusoidal frequencies are maintained
within the system’s output. As such, only the amplitude and phase are distorted by the
LTI systems. Note that LTI systems are preferred for process identification and control
because they come with a rigorous mathematical framework. Unfortunately, when nonlinear dynamics are present in the systems response the LTI distortion properties do not
hold. Indeed, nonlinear systems come with additional harmonics in their response, i.e.
frequency distortions. It is this property that can be exploited to investigate the linearity
of a dynamic system. Indeed, an important part of the process control development is to
understand the dynamic behaviour of the system under study. That is why in the field of
electronics, telecommunication and solid mechanics, these experimental studies are com-

246

10.3 EXPERIMENTAL PLAN

mon practice when investigating the behaviour of nonlinear electronic circuits such as those
including amplifiers, mixers, oscillators, etc. A general term for this kind of investigation
is nonlinear distortion analysis (Gharaibeh, 2012).
Identification of nonlinearities present in the dynamic response of the twin-screw granulation system is performed using a single tone sinusoidal excitation signal superposed on the
L/S-ratio input. Note that, by applying Euler’s identity it can be shown that a sinusoidal
signal is in fact a difference between two complex exponentials. Hence, when applying a
single tone sinusoidal input to an LTI system, the response should also be a single tone
sinusoid with the same frequency as the input excitation signal. If this is not the case, the
system under study is considered nonlinear and care must be taken when developing an
adequate control strategy. In practice, a single tone sinusoid with a frequency of 0.01 Hz
is superimposed on the granulation liquid pump speed. Indeed, liquid addition rate is the
most suitable candidate to manipulate the GSD (Verstraeten et al., 2017). Moreover, from
experience it is expected that an excitation signal of such low frequency is well within the
bandwidth of the open-loop system, i.e. the frequency range where the magnitude of the
frequency response does not fall below -3 dB. The result is a L/S-ratio which periodically
varies between 7.5 and 10.5 %w/w for a powder mass flow rate of 20 kg/h. The changes
in granule size metrics and instrument performance signals, such as the particle rate and
loading, were continuously logged by the PAT data management system during exactly ten
periods of the sinusoidal input excitation. For this experiment a ring buffer size of 7500
particles is chosen.
It is important to take into account that the dynamic system studied in this work is composed of multiple subsystems. These are (i) the combination of a PAT data management
system together with the programmable logic controller (PLC) to generate the sinusoidal
signal, (ii) the granulation liquid pump, (iii) the agglomeration process inside the twinscrew granulation barrel and (iv) the inline Parsum® particle size analyser. All of these
subsystems determine the response measured at the end of the granulator barrel. For example in Chapter 8, it was shown that signal generation might not be completely accurate
because of jitter in the data communication. Yet, the influence of the pumps on the overall
dynamic response can be neglected because of their relatively fast response in the frequency
range of interest.
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10.3.3

Real-time granule size control

In the final part of this chapter, a first attempt towards real-time granule size control for
continuous pharmaceutical twin-screw granulation is implemented. Hereto, control of the
median granule size, expressed as the x50,3 signal, is proposed by directly manipulating
the granulation liquid pump speed. The SS is maintained at 900 RPM and the PMFR at
20 kg/h. The nominal setpoint value for the x50,3 signal was chosen at 2200 µm. This is
only achieved at a relatively high liquid addition rate, hence, the L/S-ratio is initially high
which ensures a low variance on the controlled variable. After a steady granulation period,
arbitrarily chosen setpoint changes were induced. The x50,3 setpoint was changed step wise
to 1500 µm and back to 2200 µm, followed by a change to 500 µm and back to 2200 µm.

10.4

Results and discussion

10.4.1

Verification of the D12 + funnel scenario

The measurements obtained with the inline SFV method with active particle dispersion
and concentration funnel are compared with an offline reference technique based on high
speed image analysis. The volume-based particle size distributions obtained with both
methods are shown in Figure 10.2. Good agreement between the GSDs is found based
on visual inspection of the size distributions. That is, the same trends in granule size are
observed. For example, when the L/S-ratio is low (V1 and V2), a large tail is present
near the finer end of the size distribution. In contrast, increasing the L/S-ratio (V4 and
V5) results in a sharper and monomodal distribution. Even so, the bimodality at low
L/S-ratios does not seem to be captured to a full extent with the inline measurement.
Also important is the fact that most inline measurements have higher volume fractions in
the largest bin as compared to the offline reference. The reason for this dissimilarity is
unclear but might be related to the range selected for the measurements, the measurement
principle or the presence of coincidence effects. Finally, both the inline and offline method
show very similar GSD for the high and low throughput experiments with fixed L/S-ratio,
respectively V1 - V2 and V4 - V5. This emphasises existing opportunities for up- and
down-scaling studies of the twin-screw granulation process.
A more objective comparison of the GSDs was also performed based on the work of Scheibelhofer et al. (2016). The approach suggested in this study is based on a χ2 -homogeneity
test. It compares the entire size distribution of the inline and offline measurements without
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Figure 10.2: Inline (grey) and offline (black) measurements of the wet granules for five different experimental settings. In case of the inline distribution,
multiple results obtained during a 200 s continuous measurement campaign
are shown using a sampling interval of 5 s.

the need for an underlying size distribution model. More specifically, the method uses the
number based size distributions and the total number of particles measured to derive a test
statistic which should follow a χ2 distribution. With respect to this case, the high number
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of particles used to derive the size distribution, combined with a great number of size bins,
resulted in type I errors that dominated the test. These errors kept on being present even
when the user-specified confidence level is chosen close to to the round-off error of the
software. This means that when the particulate sample becomes too large, it will always
be rejected upon comparison with the reference distribution and this because of common
cause variation. Hence, this makes this test not applicable for the problem at hand. As
such, visual comparison is preferred. The problem for large N was also acknowledged by
the authors proposing the comparison test.
Figure 10.3 shows the corresponding percentiles of the GSD for both the offline and inline
size analysis, and this for all five of the verification experiments. For some of the experiments an underestimation of the granule size percentile was observed, whereas for others
an overestimation is seen. Nevertheless, comparable results are obtained with both inline
and offline measurements. As already shown in Chapter 9, the variability on the size percentiles increases when going to large percentiles of the size distribution. This is related to
the broad granule size distribution originating from the powder and liquid feeding methods
combined with low particle counts of the measurement instrument in the upper tail of the
GSD.
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Figure 10.3: Comparing the x10,3 , x50,3 and x90,3 measurements of the offline image analysis method with the inline SFV-based method. Each vertical
cluster of dots represents one of the five verification experiments.
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System dynamics

From a process control point of view it is important to have a clear understanding of the
open-loop process dynamics. To this end, a sinusoidal signal with a 0.01 Hz frequency
and 1.5 %w/w amplitude was superimposed onto the liquid addition rate. The sinusoidal
input to the system as well as its response are shown in Figure 10.4. A first hint to the
underlying system behaviour is provided when looking at the response of the x50,3 signal.
Clearly, a direct relation exists between the L/S-ratio and the median granule size because
of the almost in-phase corresponding oscillatory pattern. Also, the x50,3 size signal does
not seem to suffer from high levels of measurement noise when applying dynamic process
conditions. Most likely this is due to the relatively fast changes induced in the process.
Besides size distribution parameters, the particle rate [1/s] was also monitored during the
excitation experiment. Figure 10.4 reveals that the particle rate is inversely proportional
to the L/S-ratio, hence the maximum particle rate is reached when applying the lowest
granulation liquid flow rate. The latter is in agreement with the results obtained in the
static granulation experiments. Also for the particle rate signal a reproducible oscillation
is obtained, indicating that the measurement system is well-performing under dynamic
process conditions.
In addition to the signals obtained from the particle size analyser, process measurements
such as the motor torque [Nm] applied to the co-rotating granulation screws (as measured
by an in-shaft torque gauge, RWT311-EB TorqSense® , Sensor Technology Ltd, Oxon,
The United Kingdom) were also captured. From a process point of view, it was expected
that the granulation torque would decrease with increasing L/S-ratio (Kumar et al., 2014).
However, due to the high level of variability on the torque signal it is not possible to
distinguish the effect of the periodic excitation visually.
Finally, the triggering of the aperture purge is shown in the bottom of Figure 10.4. Each
back flush of air is indicated as a spike on the graph. Note that the triggering of the
pressurised air system was done fully automatic as dictated by the current particle loading.
To remove wet granules which were blocking the D12 dispersion mechanism a total of nine
air bursts were needed during a period of 1000 s. Occasionally, multiple purges were needed,
for example around 440 s and 550 s. The effect of each burst of air is also seen in the particle
rate signal, i.e. a sudden drop in the number of identified granules at the exact same time
instance as the spike in the purge signal.
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Figure 10.4: Response of the twin-screw granulation system to a sinusoidal excitation signal, as measured by the
Parsum® SFV technology with the D12 inline sample disperser and a funnel to concentrate the wet granule stream.
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Quantifying the correlation between the input and output signals of the system can be
achieved by estimating the cross-variance signals (Equation 10.1).
Cuy [τ ] =

NX
−τ −1
k=0

N −1
1 X
u[k + τ ] −
u[i]
N i=0

!

N −1
1 X
y[k] −
y[i]
N i=0

!
(10.1)

This is visualised for the particle rate, x50,3 and torque signals in Figure 10.5, which are all
related to the sinusoidal L/S-ratio input signal applied to the system. For the particle rate
signal the sign of the cross-variance signal was changed because of its inverse proportionality
with the system input. The high values seen for each of the cross-variance signals indicate
high correlation from the input to the system response. Note that the cross-variance signal
is periodic because of the sinusoidal input signal. As expected, the cross-variance between
the applied L/S-ratio and the torque signal is close to zero for the entire time-series. This
leads to the conclusion that there is limited dynamic information captured in the torque
signal when varying the L/S-ratio. In addition to the trend of the cross-variance signals,
the exact time delay between the moment of changing the L/S-ratio and the moment of
system response can also be derived. For the particle rate signal this is 7 s, whereas for the
median granule size signal this is 13 s. Therefore, the particle rate signal reacts faster when
compared to the size signal. This is because of the additional phase shifting effect of the
particle ring buffer which is only introduced when calculating the granule size distribution.
Also note that the delay of the system response depends on the size of the ring buffer,
which is clearly shown in the work of Fischer et al. (2011).
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Figure 10.5: Cross-covariance signal Cuy [τ ] of the L/S-ratio signal with the
median granule size, particle rate and motor torque. The lag time τ at maximal
cross-covariance is given for the x50,3 and particle rate signals.
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Using the information contained in the response of the system to a single tone sinusoid,
the linearity of the combined twin screw granulation and real-time measurement system
was investigated. Figure 10.6 illustrates the different steps taken. In the top left graph,
multiple periods of the x50,3 signal are overlaid. At first sight, the response appears to
oscillate at the same frequency as the excitation signal, which is 0.01 Hz. Nevertheless, the
falling edges of the time series look as if they take less time to cover the amplitude range
as compared to the original input signal, respectively 35 and 50 s. This is compensated for
by longer rising edges in the resulting response.
When looking at the spectral density of the signal (Figure 10.6 top left) an important
signal characteristic is revealed. Although the highest power of the response signal is
observed around 0.01 Hz, part of the signal’s power is redistributed over integer multiples
or harmonics of the fundamental frequency, and these are 0.02 and 0.03 Hz, indicating the
presence of quadratic and cubic frequency distortions besides the linear response. Also
note that part of the signals power is captured as high frequent noise. The noise is however
not relevant for the remainder of this analysis.
When reconstructing the x50,3 signal using only the three frequency components at 0.01,
0.02 and 0.03 Hz, the nonlinear effect in the time-domain is amplified (Figure 10.6 bottom
graph). Indeed, slower rising edges and faster falling edges are observed for the low frequent
reconstruction. Multiple explanations are possible for the observed behaviour. Clarification
is likely found by investigating how the particle rate and ring buffer cooperate under
dynamic process conditions. As shown before in Figure 10.4, the particle rate decreases
with an increasing L/S-ratio and vice versa. Knowing that the particle ring buffer is fixed
in size, it is straightforward that the rate at which this buffer is filled with chord length
measurements is varying over time with a changing L/S-ratio. Therefore, the duration of
refilling the entire buffer is varying during the dynamic excitation. As a result, the system
under investigation is characterised by different time constants, hence the distorted wave
pattern.
The same analysis was performed for the x10,3 signal which was also measured during
the sinusoidal excitation experiment. The results shown in Figure 10.7 indicate that the
nonlinear effect is even more pronounced for the x10,3 signal. Most likely because of the
reduced amount of measurement noise present at lower percentiles of the granule size
distribution.
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Figure 10.6: Top left: Overlaying multiple periods of the x50,3 signal under
sinusoidal excitation. Top right: Power density spectrum of the x50,3 signal.
High power frequencies are depicted with a rectangular box. Bottom: Reconstruction of the original x50,3 signal using only the frequency components at
0.01, 0.02 and 0.03 Hz.

As such it should be concluded that the dynamic response of the twin-screw wet granulation
system combined with real-time granule size measurements using the Parsum® technology,
is nonlinear in nature. Indeed, there exists a hysteresis effect in the granule size distribution
percentiles, i.e. rapid granule size decrease yet slow granule size increase. This knowledge
can subsequently be used to adequately choose the parameters of a process controller.
10.4.3

PI sample-and-hold control of the median granule size

Several challenges are identified which could hamper the implementation of an adequate
feedback control loop for granule size control on the continuous twins-screw wet granulation
unit. An important issue is the nonlinear behaviour of the granulation system. Indeed,
such more complex dynamics require that either the controller reacts differently when
increasing and decreasing the particle size at different operating points, or the controller
reacts conservatively in order to attenuate its effects. In this work the latter detuned
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Figure 10.7: Top left: Overlaying multiple periods of the x10,3 signal under
sinusoidal excitation. Top right: Power density spectrum of the x10,3 signal.
High power frequencies are depicted with a rectangular box. Bottom: Reconstruction of the original x10,3 signal using only the frequency components at
0.01, 0.02 and 0.03 Hz.

controller option is chosen in order not to impede this first attempt towards closed-loop
granule size control.
Another key challenge in the twin-screw granulation process is related to the noise present
on the inline measured granule size. As shown in Chapter 9, the signal-to-noise ratio (SNR)
is dictated by the size of the ring buffer. However, in a continuous manufacturing setting
this has to be balanced with the requirement for a fast response when process disturbances
and setpoint changes occur. As such, an intermediate ring buffer size of 7500 particles was
chosen in this work. In some preliminary trials it was observed that, when operating at
this buffer size, there is still a considerable amount of noise present on the x50,3 signal.
To compensate for this remaining part of the noise, an additional two point finite impulse
response (FIR) filter with uniform weights was implemented. Moreover, a conservative
controller should be implemented to prevent amplification of measurement noise induced
by overreaction.
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In Chapter 8 it was shown that the twin-screw wet granulation system is dead-time dominant, which means that the time delay is of the same order of magnitude as the time
constant of the process. Hence, a fast acting controller will not anticipate the rapid response after a period of nonresponse. Again, this can be solved using a conservative process
control strategy in order to prevent instability of the controlled variable.
Because of the aforementioned challenges, a detuned sample-and-hold proportional-integral
(PI) control law was implemented in this exploratory example. This control law is identical to conventional PI control with the sole exception that the controller is only active
intermittently. Moreover, in between each active period, the last control action is held.
Hence its classification as a sample-and-hold control algorithm (Moore et al., 2005). To
define the duration of each hold period an additional parameter is introduced, i.e. the hold
time. In this case its value was fixed at 5 s, which is in the same range as the time delay.
Next comes the direct acting, non-interacting PI controller of the incremental type. Both
the sample-and-hold and the PI control law are implemented as a single subroutine in the
calculation engine of the PAT data management system. Tuning of the control parameters was manually performed based on a number of initial trial experiments. Conservative
parameter values are preferred as they reduce the impact of noise and system nonlinearities. Ultimately, satisfactory parameter values for the proportional and integral terms are
obtained, i.e. Kp = 0.86e−3 and Ti = 0.836e−3 respectively.
The resulting closed-loop control of the median granule size is shown in the top graph
of Figure 10.8. Based on the raw x50,3 signal, it is illustrated that the PI controller is
definitely aiming to maintain the desired setpoint value despite the presence of a high
amount of noise at lower L/S-ratios. To enhance the interpretation of the controller’s
performance, offline smoothing using a zero-phase FIR filter of 30 equally weighted taps
was performed. The result indicates that the closed-loop response upon setpoint change is
rather sluggish with transient times exceeding 150 s. This should be put into perspective
by comparing this duration with the short mean residence time of the granulation system
(Kumar et al., 2016a). Indeed, this reveals that the controller acts very slow and thus
nullifies the advantage of having a real-time controller in place for fast acting disturbances
in the twin-screw granulation process.
With respect to the pump speed of the closed-loop system (middle graph of Figure 10.8),
two important aspects are to be highlighted. First, the conservative PI control parameters
make that the manipulated variable reacts slowly when a setpoint change is induced. This
explains the slow response of the median granule size. Second, the effect of the sample-
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Figure 10.8: Top: Sample-and-hold PI control of the median granule size
as measured by the inline Parsum® IPP70-S probe with D12 disperser. For
improved interpretation, both the raw and offline smoothed signal are shown
together with the setpoint value. Middle: The accompanying pump speed
manipulated by the controller. Bottom: The particle rate as measured by the
inline particle probe.

and-hold strategy on the manipulated variable can be observed as discrete step changes in
the pump speed signal.
Lastly, the particle rate is shown in the bottom graph of Figure 10.8. As expected, increasing and decreasing the liquid addition rate also affects the particle rate. Moreover,
this happens at a faster pace as compared to the granule size distribution. This is because
of the additional phase-shifting filter present in the calculation of the granule size distribution. In addition, the functioning of the aperture purging system can be observed as
an artefact in the particle rate signal. Sudden spikes towards a zero particle rate are the
result of the short bursts of air provided to unblock the aperture of the dispersion acces-
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sory. Interestingly, this backflush seems to be triggered only when operating at elevated
L/S-ratios. This makes sense since larger granules are being formed when operating the
process under elevated granulation liquid flow rates.
To improve the performance of the considered control-loop, adaptations to the inline granule size analyser are clearly needed. One possibility is to adaptively change the size of the
ring buffer in real-time depending on the operating point. This is motivated by the fact
that changing process parameters such as the L/S-ratio cause the particle rate to change.
Therefore, when operating the twin-screw granulation process under dynamic conditions,
the rate at which this first-in first-out buffer is filled is also varying. Hence, the nonlinear
response and the considerable amount of noise at high particle rates. When adaptively
changing the ring buffer size, it becomes possible to fix the turnover rate of this buffer at
all operating points. Hence, this approach provides a means to reduce the noise observed
at high particle rates while at the same time it could also linearise the dynamic response
of the system.
Although the adaptive ring buffer has the potential to improve control performance, it is
not implemented in the closed-source code of the Parsum® Inline Particle Probe Software
v8.01. This means that the size of the buffer has to be defined before the onset of the
measurements and therefore it cannot be changed during operation. However, recently the
need for a more sophisticated buffer mechanism also emerged in the field of batch granulation. Because of their continuous growth mechanisms, batch processes are constantly in
a transient state. Consequently, the number of particles is consistently decreasing in time
which leads to an increasing time to refill the buffer and thus also an increasing time-delay
on the measurements. This observation triggered the attention of the instrument vendor
which responded by adding a time-based functionality to calculate the GSD. As such, the
work of Reimers et al. (2019) is the first to describe the use of a time-based buffer for
batch fluid bed granulation. By applying the conventional number-based buffer and the
new time-based buffer in parallel, it was shown that the response of the latter was independent of the actual particle rate. This means that the time delay of the granule size
measurements can be controlled. This observation therefore clearly illustrates the potential
of an adaptive buffer size for real-time granule size monitoring and control in a dynamic
continuous twin-screw wet granulation process.
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10.5

Conclusions

In this chapter inline granule size measurements obtained with the Parsum® real-time particle size analyser (with D12 disperser and funnel) were compared with the measurements
obtained by offline image analysis. The results for an active formulation were found to be
in good agreement despite the difference in measurement principle. It is thus concluded
that spatial filtering velocimetry combined with a correct inline sample presentation, is a
promising technology for real-time wet granule size analysis directly after twin-screw wet
granulation.
In the second part of this chapter the combined granulation and measurement system was
subjected to a dynamic input excitation test. By superposing a single tone sinusoid onto the
granulation liquid pump speed, frequency distortion was observed in the different granule
size distribution percentiles. The result is a fast response when the particle rate is high or
increasing, yet slow response with low or decreasing particle rates. Indeed, this nonlinear
hysteresis effect induced by the instrument’s ring buffer complicates the development of
adequate real-time granule size control loops.
As for every closed-loop controlled process, the control performance is subject to the limitations of the actuators and sensors. Here, it was shown that the inline particle size
analyser hampers the implementation of tight median granule size control. Indeed, extensive transient periods were observed upon setpoint change indicating a sluggish response
which cancels out the advantage of real-time control for fast acting disturbances. The
main reasons are the relatively high level of measurement noise at low L/S-ratios and
the nonlinear response of the combined granulation and measurement systems. As such,
a conservative control is required to attenuate these effects and thereby preventing the
closed-loop response from becoming unstable.

PART IV
EPILOGUE

CHAPTER 11
General research conclusions,
perspectives and outlook

11.1

General research conclusions

Up until recently, the pharmaceutical industry was not engaged in the development of
real-time quality control strategies for its manufacturing processes. This resulted in both a
technological and a knowledge gap within this industry. Indeed, the impression is that most
of the industrial pharmacy departments are not yet fully up to speed with the potential
benefits offered by more advanced process control. That is why Chapter 3 introduced
and clarified the different principles of industrial process control. An important concept
explained in this chapter is the hierarchy that exists in any process control system. While
the lower levels aim primarily at controlling the environment to which the product is
exposed, the higher supervisory level is in charge of direct product control. The latter
is primarily needed to reduce end product variability induced by process disturbances.
That is why an overview of the common sources of product variability was given. More
specifically, the disturbances that occur to the various unit operations found in continuous
pharmaceutical tablet manufacturing processes.
Next, the different levels of supervisory control were discussed, i.e. level 1, 2 and 3 control.
It should be clear that a level 1 control strategy, operating fully automatic and using
flexible process parameters, is the way forward for continuous manufacturing. Currently,
most of the level 1 developments in academia and industry are aimed at material tracebility
using residence time distribution (RTD) models. While this work is crucial for out-ofspecification (OOS) material diversion, it does not actively manipulate the process in
order to prevent such events. As such, a growing number of simulation and experimental
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studies are trying to apply active process control methodologies using either conventional
or model-based control laws. From a pharmaceutical industry point of view, this is referred
to as advanced process control (APC). For the sake of completeness, the process control
optimisation and management level were also covered in this chapter. As mentioned,
only a very limited amount of research has been performed at those levels for continuous
pharmaceutical manufacturing.
The use of process systems engineering (PSE) tools in pharmaceutical development and
manufacturing has been booming over the last decade. Most of the reported applications
are based on the areas of multivariate data analysis, mechanistic modelling and process
control. In this respect, Chapter 4 provided the reader with the necessary mathematical
background required to understand the subsequent parts of this dissertation. Note that
an entire section in this chapter was devoted to the properties and identification of linear
time-invariant (LTI) models. That is because continuous manufacturing lines are characterised by an important advantage as compared to batch production systems. Indeed, they
are mostly operating at steady-state (sometimes also referred to as pseudo steady-state
because of the presence of disturbances). Hence, they closely resembles the mathematical abstraction of LTI systems. In contrast, batch processes are always in a transient
state due to their intrinsic nature and are therefore predominantly characterised by nonlinear dynamic behaviour. For LTI systems, a rigorous mathematical framework exists for
model identification and control. Therefore, from a systems engineering point of view, the
application of continuous manufacturing lines reduces process control complexity.
In the second background chapter of this dissertation (Chapter 5), a brief introduction
to the various unit operations applicable to the manufacturing of pharmaceutical oral solid
dosage (OSD) forms was given. Next, an in-depth analysis of the existing instrumentation
and automation hardware of the Ghent University ConsiGma™ 25 line followed. This was
needed to understand the design limitations of the available system as well as to reveal
opportunities for more advanced control. For example, an important observation is related
to the fact that in this case, the preblend feeding and granulation liquid pumping are
decoupled. This means that if one variable is disturbed, the other variable will not be
compensated for. Moreover, the low-level control loop that is in charge of loss-in-weight
(LIW) liquid addition is controlled using a very crude conditional control loop. Also, the
segmented design of the fluid bed dryer with common air inlet and outlet complicates the
development of targeted advanced control applications. Besides, notably long residence
times are experienced in the fluid bed dryer as compared to the other unit operations
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of the line. Finally, the rotational speed of the co-mill in this line is only operated in
open-loop. This makes it potentially unreliable for more complex dynamic scenario’s.
In addition to the in-depth analysis of the process design, the dynamics of the existing
continuous process control loops at the regulatory level were also investigated (Chapter
6). The reasons for this are twofold. A first reason is the revelation of potential opportunities and limitations for supervisory process control. Indeed, some of the regulatory
control loops behave ideally, whereas others come with extensive transient dynamics. Examples of the latter are the air temperature and flow rate variables for which the settling
times exceed 100 s. In contrast, other process control loops at the regulatory level were
considered to have an ideal response. Therefore, they are always on setpoint even under
dynamic conditions. A second reason for this analysis is the fact that the derived knowledge of the equipment dynamics can be used to improve the accuracy of dynamic flowsheet
models used to simulate the line. Hereto, the open-loop dynamic behaviour of the air flow
rate and temperature variables was identified and subsequently used for successful closedloop validation. For illustration purposes, these models were implemented in a commercial
flowsheeting software. Considering the restrictions related to the process dynamics and
equipment design, it was concluded that the continuous dosing and twin-screw granulation units are the most interesting for the development of more advanced process control
solutions on the ConsiGma™ 25 line available at Ghent University.
Advanced process control for continuous manufacturing is typically associated with realtime instrumentation for intermediate and final product analysis. However, multiple reasons exist which discourage this association specifically for pharmaceutical drug product
manufacturing. First of all, the actual implementation of a robust real-time analyser in
a bulk solids process is not a straightforward task. Common problems are poor sample
presentation, limited sample size and probe fouling. Besides these physical limitations,
multiple other issues exist. Examples are inadequate transfer of analytic methods, the often poor software integration capabilities and last but not least, the high experimental and
modelling burden when calibrating these instruments for different products. The search
for alternatives methods is currently ongoing. One option that might bring solutions is
the real-time use of mathematical models or so-called soft sensors. In Chapter 7 this
approach was illustrated. A transfer function model was identified from an experimental
RTD study on the twin-screw wet granulation unit. Using the k-step-ahead predictor and
the model, the concentration of a model compound could be accurately predicted while
only using univariate process data.
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So far, most of the work relating to both continuous OSD manufacturing and advanced
process control has focused on direct compression. This is not a surprise since it is the most
straightforward route to manufacturing tablets. An important research topic in this domain
is the active control of the continuous dosing and blending units. In this way, the final drug
product potency can be guaranteed. A very similar problem encountered in continuous wet
granulation is the addition and blending of the granulation liquid. Indeed, a fixed ratio of
solid and liquid components is needed inside the twin-screw wet granulator. In this way
the chemical composition in terms of moisture content, or other dissolved components, as
well as the granule size are guaranteed. All of this qualifies the liquid-to-solid ratio (L/Sratio) in continuous wet granulation as a critical variable that should actively be controlled.
That is why in Chapter 8 the decoupled solid and liquid dosing of the ConsiGma™ 25 were
augmented with a direct ratio controller. To this end, a near-infrared (NIR) probe was
inserted at the end of the twin-screw granulation barrel using a custom process-instrument
interface. Through the application of an excitation test, the low-order dynamic behaviour
of the single-input single-output (SISO) system could subsequently be identified. From
this, both a conventional proportional-integral (PI) and a model predictive control (MPC)
controller were developed in-silico. Both passed the experimental validation using either
the setpoint tracking or disturbance rejection problem. It was also shown that because
of the fast dynamics of the twin-screw granulator, the computational boundaries of the
NIR instrument and process analytical technology (PAT) data management software are
reached in case of controlled dynamic operation.
The objective of any wet granulation process is to increase the particle size of particulate
matter using a liquid and a high shear environment. This increase in particle size is
required to improve the flow properties among others. Consequently, monitoring and
control of the granule size or related variables of the wet granulation line is of major
importance. In Chapter 9 a previously evaluated inline spatial filtering velocimetry (SFV)
based method for wet granule size analysis was improved in terms of mechanical interfacing,
sample presentation and aperture blockage prevention. By using a mountable dispersion
element together with a concentrating funnel, the sample size of wet granular material
doubled to almost 10 % of the total throughput. As a result, the measured particle rates
increased significantly which benefits the precision, response time and reproducability of
the measured granule size distribution (GSD) percentiles. Moreover, it was confirmed that
the variability on the size signals increases for increasing percentiles of the GSD. However, a
decrease in size signal variability was observed when increasing the L/S-ratio. Performance
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related signals such as the particle rate and loading were also shown to contain valuable
information on the process state.
Once optimised, the inline SFV based measurement was evaluated for real-time dynamic
control of the wet granule size. Chapter 10 starts with a comparison of the inline technique
with an offline reference technique. Multiple verifying experiments were performed using
an active formulation. As expected, a one-to-one match is not achieved because of the
difference in measurement principle. However, good agreement was still found based on the
more general trends in the GSD. It was thus concluded that SFV is a promising technology
to monitor the continuous wet granulation process. In the next step, the dynamics of
the combined granulation and inline measurement system were assessed using nonlinear
distortion analysis. This revealed the presence of a hysteresis effect induced by dynamically
changing particle rates while only operating with a fixed ring buffer size. Advanced control
of the granule size using the inline analyser is complicated because of this nonlinearity as
well as the presence of measurement noise at low L/S-ratios. In order to achieve stable
control very conservative measures were required. In this case, a detuned sample-andhold PI controller was used to track the median granule size setpoint. Although setpoint
tracking is possible, the settling time in closed-loop operation is too large to be of any
practical relevance.

11.2

Perspectives and outlook

The following section discusses both detailed and more general perspectives on the implementation of process monitoring, identification and control in the pharma industry.
11.2.1

Monitoring

Future work should definitely build on the potential offered by the Parsum® technology for
granule size monitoring. The idea of an adaptive ring buffer size could result in improved
measurements which allow for better control of the granule size. Moreover, it could speed
up research and development efforts which are currently based on laborious offline size
measurements. Because there is no need for calibration, this measurement technology can
easily be applied to a wide range of products.
A crucial question associated with process monitoring is: How to define the required sampling frequency of the product measurements? This is important as it determines the
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minimal traceable unit of the continuous manufacturing line. Up until now, there exists no
definite answer to this in the scientific literature. While some are looking at the unit dose
level, others might choose slower sampling which is more aligned with the dynamics of the
process. Note that sampling at the unit dose level will require high data communication
rates combined with sizeable data storage. This is likely not possible with standardised
communication protocols such as object linking and embedding for process control (OPC).
Custom software solutions will thus be required. In contrast, slower sampling might not be
enough to divert short term disturbances such as active pharmaceutical ingredient (API)
agglomerates. More research needs to be conducted in order to clarify this further.
The importance of sample presentation was shown multiple times throughout this dissertation. From an instrument vendor point of view, it would make sense to come up with
standard robust interfacing solutions. This will lead to iteratively optimised designs rather
than sub-optimal solutions developed by the pharmaceutical manufacturers themselves.
11.2.2

Identification

RTD modelling is an important part of the material tracing and diversion strategy in
continuous pharmaceutical manufacturing. Yet, there is no regulatory guidance on how to
conduct these stimulus-response tests in order to get the most accurate model. Besides this
lack, it would also be interesting for the industry if commercial RTD modelling software
would come to existence. Nowadays, general mathematical modelling software is used
which does not actively guide the user in the different experimental and modelling steps.
Having such a platform could avoid faults and might improve the standardisation among
different organisations. Indeed, this idea is very similar to the software used for multivariate
data analysis.
Another interesting point that has not received too much attention is the propagation of
uncertainties in RTD predictions. Indeed, when multiple RTD models are applied in series,
the end result will become increasingly uncertain because of measurement and modelling
errors. Diversion strategies on continuous lines should also take this uncertainty into
account.
Interestingly, most of the current methods used for RTD modelling in the pharmaceutical
industry assume a model structure which is somehow derived from idealised flow systems,
even when the result of this approach is not completely satisfying. In such cases a more
general approach to the development of these dynamic models could be worth a try. For
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example through the use of the mature methods found in the field of system identification.
This could make the results less dependent on assumptions.
In this dissertation the prediction error framework was used for system identification purposes. However, other methods in this field could also be evaluated in view of advanced
process control. A specific example is subspace identification. The advantage of this
method is the fact that it does not require upfront parametrisation of the input-stateoutput model structure. In fact it is very much related to the latent variable methods
used for static multivariate data analysis, with the exception that it is applied to dynamic
process data.
11.2.3

Control

Control of particulate processes is a complex field with very few examples that relate
to continuous pharmaceutical drug product manufacturing. Future research initiatives
should therefore try to push the development of better instrumentation and models. Once
variables such as particle size distribution and shape can be obtained in real-time with
high precision and accuracy as well as limited measurement delays, more complex process
control strategies can be evaluated. One example is model predictive control on the basis
of residence time distributions and population balance models. Ultimately, this could allow
the entire size distribution to be controlled instead of a single derived metric. Regarding the
latter, the concept of controllability for population balance models should be investigated.
One important example for continuous pharmaceutical manufacturing is the active compensation of varying raw material properties. Indeed, it is sometimes observed that API
and excipient attributes change from batch-to-batch, and therefore also inducing a change
in the performance of the drug product. Developing continuous processes that could compensate for such disturbances in real-time would show the true capability of advanced
process control. Clearly, this can only be successful if such changes can be accurately
monitored or predicted. Fortunately, some of critical material attributes can be analysed
before processing which would allow the process to make changes in a feedforward way
without the need for very complex real-time instrumentation. In batch processing such
methods have already been implemented successfully.
The implementation of real-time control strategies requires extensive cooperation of the
original equipment manufacturers. This is not only the case for mechanical design choices,
but also for the purpose of software integration. For example, in this dissertation it was
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shown that changes were needed in both the programmable logic controller (PLC) and
supervisory control and data acquisition (SCADA) software. Without the assistance of the
equipment manufacturers these iterative adjustments could not have been realised. This
illustrates that equipment manufacturers will have to deal with custom requests which
might vary across manufacturing organisations. Such request for customisation make machine development and service delivery more complex.
By now it should also be clear that the application of more advanced process control
strategies requires a multidisciplinary approach. This also explains the broad range of
disciplines covered in this dissertation. Examples are pharmaceutical technology, particle
technology, instrumentation technology, automation technology, information technology,
electricity and electronics, multivariate data analysis, system identification theory, process
control theory and optimisation theory. Not only is it important to master significant parts
of these disciplines, it is also important to make the link between all of them. Yet, very
few scientists and engineers in the pharmaceutical industry are currently up to speed with
all of this. As such, there still exists a knowledge gap which has to be overcome before this
technology can truly become disruptive in the pharmaceutical industry.
A good way of promoting process control at the supervisory level is by disseminating success stories that helped solving problems faced in the industry. Yet, most of the existing
accomplishments that try to combine continuous pharmaceutical manufacturing with advanced control technologies (including the work in this dissertation) are approached from
an academic point of view. Although this work is required to prove the value of this complex technology, it does not directly result in problem solving solutions for the industry.
A more problem driven approach is thus needed to push this technology further in the
pharmaceutical industry. Most probably, this will also result in more general questions
that have not been dealt with in academia. For example How to validate a continuous
line with advanced control? How to react when the APC system is critically failing? Is it
needed to maintain the APC system and what does this require?. The answers to these and
other questions will determine the future shape of advanced process control for continuous
pharmaceutical manufacturing.
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