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Continuous pharmaceutical manufacturing offers advantages in cost, efficiency and
acceleration in process development, particularly in the time of increasing research and
development, and production costs. A science-based approach to process development
promoted by the Quality by design paradigm requires incorporating the effect of variability
in material properties and process conditions on product properties. This has increased
focus on development of detailed and complex models capturing phenomenon from several
scales, which led to an increase in computational expense. The limitations are exacerbated
when several such models are integrated to simulate a continuous manufacturing process.
This dissertation explores several modeling methods for the development of hybrid models
of particulate processes. Milling operation is used as a case study for hybrid model
development that supports the Quality by design approach and also addresses

ii

computational limitations. Several unit operation models are integrated to simulate a wet
granulation continuous manufacturing process leading to a computationally expensive
model with several variables. This dissertation also establishes efficient methodologies to
utilize the high dimensional and computationally expensive integrated process models for
obtaining the space in which process needs to operate, thus supporting continuous
pharmaceutical process development.
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Chapter 1
Introduction
1.1 Continuous solid oral dosage manufacturing
Currently, batch manufacturing is the predominant method for the production of small-molecule
drug products. Several limitations of batch manufacturing such as difficulty in scale-up, long
processing times, need for large manufacturing facilities for large volume product production are
recognized [1]. Drug product recalls and shortages are still high, nearly two-thirds of which are
attributed to issues with product manufacturing i.e., quality of product and manufacturing facility.
Lack of agility, flexibility and robustness in the pharmaceutical manufacturing sector that may lead
to drug shortages is seen as a potential public health threat [2]. This is particularly evident in the
event of emergencies and pandemics when the industry is required to produce large volumes of the
drug product in a short time. The U.S. Food and Drug Administration (FDA) has recognized a need
for modernizing the pharmaceutical manufacturing sector on par with other industries such as semiconductors, chemicals and petroleum [3]. The U.S. FDA pharmaceutical quality for 21st century
initiative promotes a
“a maximally efficient, agile, flexible pharmaceutical manufacturing sector that reliably produces
high quality drugs without extensive regulatory oversight”
Continuous manufacturing is an innovation that is promoted to advance the pharmaceutical
manufacturing sector and has attracted attention of the pharmaceutical industry in the past several
years. In continuous manufacturing, material produced in each step is directly sent to the next step
[2]. Continuous manufacturing promises to meet manufacturing demands through cost savings
from simplified process, reduced space and fewer product failures [4]. It inherently involves higher
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level of process design to ensure adequate process control and quality. There have been significant
advancements in science and engineering over the past decade to support continuous manufacturing
implementation [5]. With the available equipment capacity, it has potential to provide much higher
throughput per unit volume per unit time which is highly required in time of drug shortages.
Another factor driving greater interest in continuous manufacturing is the competition-free life span
of the drug product. Companies have a great economic incentive to move quickly from drug
discovery to drug product production phase as they incur significant investment costs in the drug
discovery phase. Following this, there is a need to accelerate process development phase and bring
the drug product to the market in order to secure significant returns in the early phase before similar
drugs are launched [6]. Companies also incur reduced profit margins due to patent life expiry and
subsequent increased competition from generic product manufacturers. Continuous manufacturing
supports fewer scale-up studies and decrease in time-to-market by expediting process development.
Recent drug product approvals by the U.S. FDA have already placed Continuous Manufacturing as
a viable alternative. In July 2015, the U.S. FDA approved the use of Continuous Manufacturing
technology for production of Vertex’s Orkambi®. In April 2016, the FDA also approved switching
production of Prezista® from batch to continuous process in a Janssen facility in Puerto rico [7, 8].
Several studies evaluating the economic performance of batch and continuous technologies have
been published [9, 10]. The conversation has shifted from “Should we do continuous
manufacturing?” to “How to best implement continuous manufacturing?” [11].
In this dissertation, the focus is on continuous manufacturing of solid oral dosage products as they
constitute about 60% [7] of global drug consumption. Manufacturing routes for tablet consumption
can be broadly classified as direct compaction, dry granulation and wet granulation routes. A
general schematic illustrating the routes is given in Figure 1.1. In the tableting process, raw
materials such as Active Pharmaceutical Ingredient (API) and excipients in powder form are
introduced through feeding units into a blending unit. Prior to this, a conical screen mill may be

3
used for delumping the powder. The powder blend may be granulated using a twin screw
granulation unit by addition of a liquid binder. Granulation may also proceed through a dry
granulator (or roller compactor). The purpose of granulating powders is improving flow properties
of the powders. The use of wet granulation requires a drying step through a fluidized bed dryer.
The granulated material is passed through a milling unit to break the granules into the required size
distribution. Following this, the granules are compacted to form tablets in a tablet press unit. In the
absence of the granulation step, the powders may be directly compacted to produce tablets. The
work done in this dissertation primarily focuses on the wet granulation route. Several studies in the
past focused on the direct compaction [12-14] and dry granulation routes [15]. A holistic study of
the wet granulation manufacturing route is a research gap which is intended to be addressed in this
dissertation.

Figure 1.1 Schematic showing major drug-product manufacturing routes [16]

1.2 Quality by design framework
The Quality by design (QbD) initiative by FDA [17] was introduced to support the vision of
advancing pharmaceutical manufacturing sector. Pharamceutical QbD drives a systematic sciencebased approach to product design and process development [18]. QbD states that the identification
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of the elements namely, Critical Quality Attributes (CQAs), Critical Material Attributes (CMAs)
and Critical Process Parameters (CPPs) is central to the approach. A CQA is a final product or
intermediate product property that needs to be within appropriate limits to ensure product quality.
Examples of CQAs are content uniformity, moisture content, color, size etc. CPPs are input
operating variables to the process such as impeller speed, flow rate or state variables such as
temperature, pressure etc. Typical examples of input CMAs are powder true density, electrostatic
properties, granule porosity etc. QbD advocates a thorough understanding of the process by linking
CMAs and CPPs to CQAs. It requires that companies demonstrate the ability to predict the effect
of material properties and process parameters on product attributes. The QbD concept has evolved
over the years with regulatory guidelines from the International Congress on Harmonisation (ICH)
Q8 R2 (Pharmaceutical development), ICH Q9 (Quality risk management) and ICH Q10
(Pharmaceutical quality system). The guidelines discuss the use of process modeling and other
mathematical tools for pharmaceutical process understanding and process development. In this
direction, tremendous research is ongoing to utilize various modeling approaches such as residence
time distribution models, semi-empirical models, population balance models, discrete element
method models, reduced order models and flowsheet models [19]. The approaches vary
significantly in terms of the computational expense incurred and the level of process understanding
that is demonstrated. Empirical models, though predictive in nature and computationally
inexpensive, carry limitations in applicability to a different set of operating conditions or drug
formulation. On the other hand, detailed and predictive modeling approaches such as discrete
element method modeling simulate processes at a particle scale. However, they are computationally
expensive. This dissertation aims to explore various modeling approaches for simulating particulate
processes to support the QbD framework and address issues with computational limitations. The
various modeling approaches are explored to simulate a conical screen milling process where
particles undergo breakage, as this is one of the unit operations in the wet granulation route of tablet
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manufacturing. A unified approach to utilizing strengths from various modeling approaches,
addressing computational limitations and implementation in simulating continuous processes is a
research area that merits focus.
The science-based approach to process development driven by the QbD framework ultimately aims
to achieve greater control over producing products in specification. This is in contrast to a ‘Quality
by testing’ approach, as increasing testing does not necessarily improve product quality. The goal
is to shift from a procedural and inspection-based compliance to demonstration of methodologies
and ability to remain in specification. The ICH Q8 [17] guideline within QbD framework
introduced the concept of design space 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”
From a regulatory stand point, the design space is proposed by the applicant and is subject to
regulatory assessment and approval. This provides the applicant with the flexibility to change the
processing conditions without needing any further approval, as long as it remains within the design
space. Several publications used a design of experiments approach to identify this design space.
This requires several initial and subsequent confirmatory experiments. The task is expensive, both
in terms of raw materials as well as resources needed if the number of parameters in the experiments
are high. Process systems engineering tools can be used effectively to complement an experiments
based approach. In this dissertation, mathematical foundations are utilized to identify a ‘feasible
region’ of CPPs and CMAs that is expected to yield a process satisfying requisite production and
safe operability demands, and a product that adheres to the quality specifications. The goal is to
develop efficient methodologies that can fully utilize the potential of the tremendous efforts in
developing detailed process models The design space can subsequently be identified by designing
experiments within the identified ‘feasible region’. It is worth noting that the term ‘design space’
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is used by the pharmaceutical industry and is the operating envelope identified with an experimental
basis. ‘Feasible region’ is a term used by the process systems engineering community to identify
this envelope using mathematical tools. In this dissertation, are used interchangeably.

1.3 Outline of the dissertation
Each of the five main chapters in this dissertation aims to further exemplify and advance research
in the areas discussed thus far. Chapter 2 provides a literature review of the milling process, the
existing body of work in modeling unit operations involved in continuous manufacturing through
the wet granulation route, namely, feeding, blending, wet granulation, fluidized bed drying,
comilling and tablet compaction. Following this, the concept of integrated modeling or flowsheet
modeling is introduced in this chapter. Chapter 3 describes development of multi-scale modeling
methodology utilizing the discrete element method modeling and population balance modeling.
This chapter aims to provide an efficient methodology to include material properties in the comill
modeling to aid QbD framework. Chapter 4 addresses computational limitations of the multi-scale
process model through development a reduced model that aids utilization of the multi-scale model
in applications that require several function calls. Chapter 4 further explores hybrid modeling
utilizing a population balance modeling and a partial least squares modeling methodology to
simulate the milling process and predicting milled granule CQAs. Chapter 5 focuses on utilization
of several modeling approaches used for simulating individual unit operations in developing an
integrated model that represents a plant scale wet granulation manufacturing process. Process
systems engineering tools such as sensitivity analysis are implemented on the developed model to
identify the CPPs. In Chapter 6 the concept of feasibility analysis is discussed. Following this, a
novel feasibility analysis methodology that aids design space identification of pharmaceutical
manufacturing processes is described. The methodology is applied to a number of case studies,
including continuous pharmaceutical manufacturing processes. Finally chapter 7 discusses major
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conclusions from the work presented in the dissertation and also provides directions for future
work.
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Chapter 2
Literature review
2.1 Milling
Milling is an intrinsically continuous unit operation common to the direct compaction, wet
granulation, and dry granulation routes for continuous pharmaceutical manufacturing. In the direct
compaction route, mills are used for material delumping and for API silication, whereas in the
granulation routes, mills are used for granule size reduction. In the wet granulation route, mills
reduce the size of oversize granules after the granulation and drying unit operations. In the case of
dry granulation route, mills are used to break the compacted ribbons.
In this section, the focus is on mills as a particle size reduction tool. The granulation process is
primarily required in drug product manufacturing in order to alleviate issues related to powder
handling such as poor flowability. However, granulation may also produce particles with
undesirable size distributions. This may downplay the positive benefits of granulation and also
affect further processing during tablet compaction. The presence of large particles might lead to
formation of tablet with pitted surfaces and poor strength, whereas an excess amount of fines leads
to poor granule flow and weight variability [20]. In addition, the particle size distribution also
impacts drug bioavailability [21]. Milling can also improve the dissolution of poorly soluble drugs,
thereby improving their bioavailability [22, 23]. In this case, API is milled into ultrafine
(micronized) particles to increase the surface area, leading to improvement in dissolution kinetics.
Hence, an understanding of the effects of mill design and operation is critical.
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2.1.1

Types of mill and granule characterization

Classification of milling equipment is generally performed on the basis of type of force applied to
break the particles; impact, attrition and shear-compression [24]. The choice of equipment depends
on the properties of the feed material (hardness, elasticity etc.) and the finished product
specifications like particle size, particle shape, etc. Table 2.1 shows the most commonly used mills
and their size reduction capacities. Only the impact mill and the shear-compression mill are
discussed in detail, since these mill types are commonly integrated with roller compactors.
2.1.1.1

Impact Mill

The main mode of breakage in an impact mill is via mechanically induced high force collisions.
Examples of impact mills are hammer mill and pin mill. Hammer mills are capable of significant
size reduction and can reduce the size of particle down to about 10μm. The force imparted by the
hammers, the feed rate, and the screen opening size are the critical parameters that control the
degree of particle size reduction. Particle size distributions of granules produced by impact mills
generally are relatively narrow, with fewer fines, because of self-classification of particles in
screens. Pin mills operate similar to hammer mills, but typically with faster tip speeds and lower
mechanical tolerances between rotating and stationary pins [25].
2.1.1.2

Shear-Compression Mill

The conical screen mill (comil) is a popular type of shear compression mill as it can be used for
delumping as well as granule breakage. It has been found to be suitable for milling a wide range of
products [26]. In a comil, the intense shear applied on the material in the gap between the impeller
and the screen leads to creation of inter-particle and particle-wall frictional contacts and subsequent
reduction in size. The force imparted due to the impeller also plays a part in particle breakage. The
size-reduced particles escape through the screen. The size and shape of the screen holes, type of
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screen, shape of the impeller, and the speed of the impeller are the important mill parameters that
control the quality attributes of milled granules. Another type of shear compression mill is an
oscillating granulator [27], which is generally used for roller compacted ribbons, which are passed
through an assembly of wire mesh screen and oscillating rotors. The particle size of the milled
granules is controlled by screen size, speed of the rotor and rotational angle of rotors [28]. They
generally produce coarser granules than the comil. There are many roller compactors available
commercially with an oscillating granulator incorporated after the rolls. This is easy to use as it
allows continuous processing from powder blend to granules. For example, the Gerteis roller
compactors employ one oscillating granulator under the compaction zone after the rolls, whereas
the Alexanderwerk roller compactors employ two granulators for better control over the particle
size. Often, a comil is integrated in after an oscillating granulator for secondary milling.
Table 2.1 Mills classified on the basis of milled particle size [29]

2.1.1.3

Granule characterization

Since milled granules are further processed to manufacture tablets or capsules, it is important to
characterize the milled granules. The milling process is generally assessed by its ability to achieve
the required particle size distribution. Sieve analysis and laser diffraction are the most common
techniques used to measure particle size of granules [30].
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Sieve analysis involves passing the granulated product by mechanical agitation through a series of
sieves arranged in the order of decreasing sieve aperture size. The portion retained on each screen
is then weighed and a mass-based PSD is obtained from the mass on each sieve. Major advantages
of sieve analysis are its cost effectiveness and ease of use. However, it is time consuming and
requires large amount of sample [31]. The sample size used for sieve analysis depends upon the
sieve diameter used, i.e. the diameter of the sieve pan. For a small sieve diameter, from a few grams
to a few tens of grams can be used, while for a large sieve diameter, generally a sample mass of
few hundred grams is required. In addition, friable materials can give unreliable results, as the
granules can experience significant breakage as they pass through the sieves.
Unlike sieve analysis, laser diffraction requires very little sample and the time required for
analyzing the sample is short. In laser diffraction, a monochromatic laser light scattered by the
particles in the sample is detected at various angles. A volume-based PSD is developed out of the
scattered intensities data using a system of linear equations [32], subjected to assumptions of
sphericity. The scattering pattern can be explained by Mie’s theory or by Fraunhofer approximation
based on the ratio of particle size to wavelength. Two widely used laser diffraction types of
equipment are Malvern Mastersizer and Helos Laser diffraction (Sympatec®), which use Mie’s
theory and Fraunhofer approximation respectively. This technique is able to measure particle sizes
between 0.05 to 2000μm [33], but as the particle size increases, there is a risk of choking the
equipment, and photons increasingly experience multiple scattering, which might lead to
inaccuracy in the measurement.
Sieve analysis and Laser diffraction techniques measure the performance of the milling step in an
intrusive manner, i.e. they require the user to collect samples and perform analysis on the collected
samples. In contrast, the continuous mode of manufacturing requires adoption of innovative
techniques that can monitor system performance in real time. To ensure efficient drug
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manufacturing, the USFDA launched a revision to the cGMPs (Good Manufacturing Practices) in
the year 2002, and established more stringent regulatory quality controls, and developed
expectations of a higher level of process understanding than previously achieved by many
pharmaceutical companies [34]. QbD (Quality by Design) and PAT (Process Analytical
Technology) methods were endorsed as a part of this paradigm shift to promote superior
understanding and to embrace novel techniques for better control on the process and timely quality
checks.
Evolution of process analyzers like NIR (near infrared), Raman Spectroscopy, and FBRM (focused
beam reflectance measurement) facilitated the shift towards QbD [35].The primary goal of PAT is
to help understand the effect of process/equipment parameters by enabling timely checks of the
critical material properties and quality attributes, thereby enhancing the understanding of the
process. Over the last decade, many non-intrusive PAT techniques such as FBRM, Insitec®,
dynamic image analysis (DIA) and spatial filtering technique (SFT) have been developed to
measure PSD [24]. Non-intrusive methods have the advantage of allowing real time analysis, as
these methods do not interfere with the process and provide nearly instantaneous measurements.
For these methods, a small material stream has to be separated from the process, to prevent the
main stream from flooding the detectors.
Bulk density, tapped density, friability, porosity are the other important CQAs for the milled
granules. The ratio of mass of loosely packed (untapped) granules to its volume is known as the
bulk density. The bulk density of a sample is determined by measuring the volume of a known
weight of the sample in a graduated cylinder. This volume includes the volume of voids present
between the particles. Hence, the bulk density depends on both the density of granules and the
spatial arrangement of granules in the particle bed. The tapped density is an increased bulk density
attained after mechanically tapping a container containing the sample, which forces the particles to
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pack densely. Granule friability characterizes granule strength. If the granules are very weak, they
might crumble before they are tableted, which can further lead to segregation of the sample. On the
other hand, if the granules are too hard, their compactibility is affected. Granule friability can be
determined using a friabilator [36]. Porosity gives insight into granule structure and strength, which
affects the tablet compaction. Very low porosity values indicate dense granules, which could be
difficult to compact. On the other hand, high porosity indicates brittle and weak granules which
could break due to the stresses from tableting or packaging. Porosity is generally measured using
helium and mercury pycnometers [37]. In addition to these measurements, milled granules can be
analyzed for tabletability by examining the tablets produced for weight variability, tabletability
profile, and compactibility profile [38].

2.1.2

Models for milling

The granule breakage mechanism in a comill is a complex phenomenon where fracture and eventual
breakage occur due to a rotating impellor and the smaller sized granules are discharged through a
screen. Schenck and Plank [39] studied the fundamental breakdown behavior of granules in a comill
and proposed impact attrition as the primary breakage mechanism. Milling experiments in the
absence of a screen suggested that the screen acts only as a classifier and does not affect the
breakage mechanism. Verheezen, van der Voort Maarschalk [40] modeled breakage in a comill
through a size reduction ratio defined as the ratio of the median particle size of granules before and
after breakage. The initial size of particles before granulation and the amount of binder used was
found to have an effect on the breakage behavior. Samanta, Ng [41] presented detailed comilling
experiments with compacted ribbons to study the effects of impeller shape, speed, screen type and
concluded that the fines can be reduced considerably by choosing the correct impeller and screen
type for the material milled. Whilst plenty of work has been published that studied the effects of
various design and process variables for comilling, work published on modeling of the comilling
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operation to predict milled product CQAs is limited. Kumar Akkisetty, Lee [42] used an Artificial
Neural Network (ANN) surrogate model to establish a relationship between mill operating
conditions, material properties selection and breakage functions of a population balance model
(PBM). However, the experiments used for this work did not consider the effect of granules exiting
the mill as the screen holes were closed. Reynolds [43] developed a PBM to predict the milled
particle size distribution (PSD) through the use of a generalized daughter distribution function. A
critical screen size ratio dependent on impeller speed was used to model the exit of granules.
However, the d95 of the milled PSD was used, which limits the applicability of the model
formulation as d95 is the required model output that is predicted and not a model input. In addition,
the dynamics of the model i.e., flowrate of particles exiting the mill was not formulated, and as a
result, the time required to mill the material could not be predicted. Barrasso, Oka [44] modeled
the comilling of compacted ribbons through development of a PBM. A linear function was used to
model the exit of particles from the mill through the screen which aided in predicting the dynamic
holdup as well. However, the full effect of the impact of impeller speed on the model was not
captured. In addition, the applicability of the model in simulating comminution of granules obtained
from a wet granulation process was not established. Population balance models for milling
processes generally use semi empirical breakage kernels. This limits its applicability when the
milling conditions or the material processed is changed. In addition, a PBM does not capture
particle-scale interactions that would add more accuracy to the model. Discrete element method
(DEM) models on the other hand, have the potential to bridge this gap
The development of a DEM model for breakage processes so far has been focused on ball mills,
grinding mills, crushers etc. [45-48]. This is possibly due to additional challenges posed in a comill
such as continuous feeding, discharge of particles through screen, introduction of additional
complexity in the particle-wall interactions from a rotating impellor and a dearth of published
experimental data etc. Experimental data published for milling processes are for standard materials
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such as silica glass, alumina, and materials used in the mining industry [49-51]. Despite its
prevalence in the pharmaceutical industry, work on analysis of breakage of pharmaceutical granules
in a comilling process is very limited. Deng, Scicolone [52] presented a discrete element method
(DEM) simulation of the comilling process, where breakage of particles was not considered as the
comill was used as a dry coating device. In addition, screen holes and screen thickness were
excluded from the geometry of the mill and particles exited the mill based on their proximity to the
screen wall. Capece, Bilgili [53] established a bi-directional PBM-DEM framework utilizing a
mechanistically motivated kernel formulation Capece, Bilgili [54]. However, the framework was
implemented for a ball milling process where particles were not considered to exit the mill. Capece,
Bilgili [54] formulated and used an energy based kernel that exclusively identified contribution of
material properties. A PBM-DEM framework utilizing the mechanistically motivated kernel
formulation [53] was proposed to model milling processes. In this framework, DEM simulation
was run for a short milling time and energy distribution data was collected. This data obtained is
given as input to PBM where breakage is incorporated through use of the aforementioned
mechanistic kernel. PBM updates the particle size distribution (PSD) of the material due to
breakage. DEM simulation is run again with the updated PSD. Thus, a bi-directional coupling
between DEM and PBM is established. The process is to be continued for the duration of the
milling. The framework proposed is sensitive to the short milling time used for each iteration as it
assumes absence of breakage and, a constant value of the breakage kernel in this time period. The
framework is also sensitive to the position of the updated PSD of material in the mill. This is
especially a limitation for the modeling of comill processes. In a comill process, the particle
population inside the comill is greatly dependent on the proximity of the particles to the screen
holes as particles closer to the screen may exit the mill. In addition, to implement the framework,
the estimation of material specific parameters of the kernel requires tedious milling experiments
from mono sized feed material.
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In this dissertation, a DEM based model for a comill process is developed and a hybrid DEM-PBM
multiscale framework is established. Full extent of the effect of mill geometry on particle
population inside the comill through screen thickness, screen hole size, impeller shape and speed,
is incorporated into DEM model. Following this, a surrogate model is introduced into the hybrid
framework to address computational expense incurred due to the DEM model. The goal of the
hybrid framework is to accurately incorporate effect of material properties and geometry into the
model and also enable its utilization in flowsheet models that are used to simulate continuous tablet
manufacturing processes.
Besides prediction of milled particle size distribution, mentions of prediction of other CQAs such
as bulk density, tapped density, friability etc., of the milled product are limited in literature. It is
important to note that these CQAs have an impact on the compaction behavior of granules and thus
their effect on CQAs should be predicted. This dissertation addresses prediction of particle size
distribution as well as other CQAs using a PBM and partial least squares hybrid modeling approach.

2.2 Unit operations and integrated process models
In this section, an overview of modelling approaches generally used for process model development
is given. The literature review aims to establish existing work on simulating unit processes. This
provides the required foundation to developing an integrated model simulating continuous tablet
manufacturing processes. Attempt has been made to give relevant equations where applicable, and
to explain the modeling strategies, along with references to the published work where more details
on the model development can be found. Specifically, models for loss-in-weight feeder, blender,
wet granulator, fluidized bed dryer, roller compactor and tablet press are discussed. Following this
the concept of integrated models or flowsheet models is introduced.
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Loss-in-weight feeder
Although variability in feeding performance can propagate downstream and affect the final product
quality, dynamic models published for feeding equipment are limited when compared to other unit
operations. In order to get stable and constant flow, loss-in-weight (LIW) feeders are operated
under gravimetric mode where the flow rate is controlled by adjusting the screw speed inside the
feeder. Wang, Li [55] used multivariate analysis to correlate feeding performance to powder flow
properties. The feeding performance was quantified using relative standard deviation of mass flow
rate from the feeder, which correlated to the powder flow properties using partial least squares
regression. This approach is particularly useful if the new material to be fed is expensive, or is
available in limited quantities. Boukouvala, Muzzio [56] developed data driven models from
experimental data collected using LIW feeder provided by a Gericke feeder. Screw speed, screw
size, screw configuration and powder flow index were the significant feeder variables identified
from experimental data using an Analysis of Variance (ANOVA) method. Modeling approaches
such as kriging, response surface methodology were used to correlate these variables to feeder flow
rate standard deviation, which is a feeder performance metric. Such approaches are valuable, as a
mechanistic understanding of powder behavior inside the screw feeders is still lacking.
Wang, Escotet-Espinoza [12] used a semi-empirical equation to dynamically model the mass
flowrate out of the feeder 𝐹𝑜𝑢𝑡 (𝑡) using Equation 2.1:

̇ (𝑡) = 𝑓𝑓(𝑡)𝜔(𝑡)
𝐹𝑜𝑢𝑡

2.1

where 𝜔(𝑡) is the screw speed; 𝑓𝑓(𝑡) is the feed factor, defined as the maximum mass of powder
fitting in a screw flight and is expressed in Equation 2.2:

18

𝑓𝑓(𝑡) = 𝜌𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 (𝑡)𝑉𝑆𝑐𝑟𝑒𝑤𝑃𝑖𝑡𝑐ℎ

2.2

where 𝜌𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 is the effective density of materials in the screw pitch with a volume 𝑉𝑆𝑐𝑟𝑒𝑤𝑃𝑖𝑡𝑐ℎ .
𝑓𝑓 was found to be dependent on the amount of material in the hopper, as the effective density of
powder entering the screws is expected to change due to change in pressure exerted by static head
of the material above. This relationship was determined to be following a pseudo-first-order as
expressed in Equation 2.3:

𝑠𝑎𝑡
𝑠𝑎𝑡
𝑚𝑖𝑛
𝑓𝑓(𝑊(𝑡)) = 𝑓𝑓𝑙𝑒𝑣𝑒𝑙
− 𝑒 −𝛽𝑊(𝑡) (𝑓𝑓𝑙𝑒𝑣𝑒𝑙
− 𝑓𝑓𝑙𝑒𝑣𝑒𝑙
)

2.3

Continuous blender
Powder blending is a crucial unit operation in pharmaceutical industry as the individual components
in a formulation are effectively mixed in this unit, thus impacting the content uniformity in the final
drug product. This section reviews various models that have been used to model continuous powder
blenders. Discussion has been restricted to modeling tubular blenders, the most popular form of
powder blenders that have been used in continuous processing of pharmaceuticals.
Numerous modeling techniques have been used to simulate the powder behavior in a continuous
blender. The relative standard deviation of the concentration of the active ingredient at the blender
exit is typically used as a blender performance metric, and is defined in Equations 2.4 and 2.5 [57]:

𝑅𝑆𝐷 =

𝜎
𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
=
𝐶̅ 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛

2.4
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̅ 2
∑𝑁
𝑖=1(𝐶𝑖 − 𝐶 )
√
𝜎=
𝑁−1

2.5

where 𝑁 is the number of samples collected and 𝐶𝑖 is the concentration of sample 𝑖.
Several models in the literature for mixing processes used discrete element method (DEM) to
simulate the mixing and segregation behavior [58, 59]. DEM models are used to capture the effects
of blender geometry, material properties and operating conditions [57, 60] on the RSD. While
mechanistic models such as DEM are computationally expensive, the Discrete Element-Reduced
Order Modeling (DE-ROM) methodology has opened avenues to capture mechanistic effects in a
unit modeling framework. In this methodology, the distributed parameter information from DEM
simulations such as velocity profiles, are efficiently represented using a reduced order model. The
lower dimensional velocity profiles are then correlated to blender performance predictors such as
RSD using partial least squares modeling. Sen, Chaudhury [61] coupled population balance models
(PBM) with DEM models to predict the concentration of API at the blender exit. Velocity profiles
obtained from a periodic section of the DEM blender model was used to define the change in the
number of particles with time in the PBM equation.
In addition to RSD, the residence time distribution (RTD) of particles in the blender is also of
interest, it dictates the amount of time a material takes to exit the blender, thus enabling material
traceability. In Wang, Escotet-Espinoza [12], a continuous blender was modeled as CSTRs inseries, which was used to characterize the RTD. The CSTR in series model uses multiple ideal
stirred tanks in series to simulate mixing of powders along the length of the blender. A delay time
𝜏𝑑𝑒𝑙𝑎𝑦 is used, that represents the time particles take to convectively move through the blender in
axial direction. The blender RTD is then represented as given in Equation 2.6:
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(𝑡 − 𝜏𝑑𝑒𝑙𝑎𝑦 )𝑛−1 𝑒 ( −
𝐸(𝑡) = 𝑈𝑛𝑖𝑡 𝑆𝑡𝑒𝑝[𝜏 − 𝜏𝑑𝑒𝑙𝑎𝑦 ]
(𝑛 − 1)! 𝜏̅ 𝑛

𝑡−𝜏𝑑𝑒𝑙𝑎𝑦
)
𝜏̅

2.6

where 𝑛 is the number of tanks and 𝜏̅ is the mean residence time of one tank in the model. The
blender’s mean residence time then is, 𝜏𝑏𝑙𝑒𝑛𝑑𝑒𝑟 = 𝜏𝑑𝑒𝑙𝑎𝑦 + 𝑛𝜏̅.
The mass balance in the blender is modeled assuming the hold up in the blender reaches a steady
state asymptotically i.e., it follows a first-order. The flowrate out of the system, which is used as
an input in the downstream unit, can thus be modeled as given in Equations 2.7 and 2.8:

𝜏̅

𝑑𝑀(𝑡)
+ 𝑀(𝑡) = 𝑀𝑠𝑠
𝑑𝑡

𝑑𝑀(𝑡)
𝑡𝑜𝑡𝑎𝑙
𝑡𝑜𝑡𝑎𝑙
= 𝐹𝑖𝑛
− 𝐹𝑜𝑢𝑡
𝑑𝑡

2.7

2.8

Continuous wet granulator
Population balance modeling is the most commonly used approach to model a continuous wet
granulation process, both, when modeling a twin screw process or a high shear granulator, the two
most common forms of continuous wet granulators. A general population balance model (PBM)
equation is given in Equation 2.9.

𝜕𝐹(𝒙, 𝑡)
𝜕
𝑑𝒙(𝒙, 𝑡)
+
[𝐹(𝒙, 𝑡)
]
𝜕𝑡
𝜕𝒙
𝑑𝑡
̇ (𝒙, 𝑡) − 𝐹𝑜𝑢𝑡
̇ (𝒙, 𝑡)
= 𝑅𝑓𝑜𝑟𝑚 (𝒙, 𝑡) − 𝑅𝑑𝑒𝑝 (𝒙, 𝑡) + 𝐹𝑖𝑛

2.9
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where, the number of particles 𝐹 is the particle density and 𝒙 is the vector that represents the granule
characteristic. The partial differential term with respect to 𝒙 accounts for property changes due to
mechanisms such as layering, liquid addition or consolidation. 𝑅𝑓𝑜𝑟𝑚 and 𝑅𝑑𝑒𝑝 are functions
̇ and 𝐹𝑜𝑢𝑡
̇
representing birth and death rates of particles with property 𝒙. 𝐹𝑖𝑛
are the flow rates of
particles entering and exiting the granulator respectively.
A three dimensional (3-D) PBM is widely used to account for distributions in size, liquid content
and porosity simultaneously. Granulation processes in pharmaceutical industry involve multiple
solid components i.e., an API granulated with one or more excipients. In this case, the distribution
of API in the granule population is of interest. Non-uniform API distribution is undesired as it can
affect the uniformity of the final solid oral dosage form [62]. To model multi component
granulation systems, a fourth dimension must be added to the 3-D PBM as given in Equation 2.10:

𝜕
𝜕
𝑑𝑙
𝜕
𝑑𝑔
𝐹(𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡) +
[𝐹(𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡) ] +
[𝐹(𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡) ]
𝜕𝑡
𝜕𝑙
𝑑𝑡
𝜕𝑔
𝑑𝑡
= 𝑅𝑛𝑢𝑐 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡) + 𝑅𝑎𝑔𝑔 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡)

2.10

+ 𝑅𝑏𝑟𝑒𝑎𝑘 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡)

where l, g indicate the liquid and gas volumes in the granule respectively. 𝑠1 and 𝑠2 are the solid
volumes in the granule of the two different components used, typically API and excipient. The
formation and depletion rates are governed by nucleation, aggregation and breakage processes,
which constitute the right hand side of the PBM equation.
There is a lot of work that has been published and is ongoing to accurately model the mechanisms
in a granulation process. Specifically, several aggregation and breakage kernels have been
developed that are empirical, or mechanistic, or a combination of both [63-65]. The terms in the
kernels may be estimated based on experimental data or data obtained from mechanistic models
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such as discrete element method models. Nucleation process entails formation of nuclei as liquid
droplets are added to the system and come in contact with powder particles. In drop controlled
regime [66], each droplet forms one nuclei. Rate of nucleation is typically modelled as following
zero or first order reaction [65]. Barrasso and Ramachandran [67] modeled rate of nucleation as
𝑅𝑛𝑢𝑐 as ratio of rate of liquid added to powder and an assumed droplet volume, 𝐿̇𝑖𝑛,𝑝𝑜𝑤𝑑𝑒𝑟 ⁄𝑉𝑑𝑟𝑜𝑝𝑙𝑒𝑡
. Here, the fraction of liquid added to the powder, 𝐿̇𝑖𝑛,𝑝𝑜𝑤𝑑𝑒𝑟 is assumed as its volume fraction or
the ratio of total powder volume to total volume of granules and powder.
Various aggregation kernels have been used and published in the literature. X. Liu and D. Litster
[63], Cameron, Wang [68] provide a tabulated list of aggregation kernels used. As an example,
aggregation kernel proposed by Madec, Falk [69] is given in Equation 2.11:

𝛽((𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑠́1 , 𝑠́ 2 , 𝑙́, 𝑔́ )
́
𝐿𝐶 + 𝐿𝐶
́ ) (100 −
= 𝛽0 (𝑉 + 𝑉́ ) ( (𝐿𝐶 + 𝐿𝐶
2
𝛼

𝛿

𝛼

2.11

) )

Aggregation rate is strongly dependent on liquid binder content and granule size, which explains
the kernel structure. In this kernel, the two colliding particles are represented as (𝑠1 , 𝑠2 , 𝑙, 𝑔) and
(𝑠́1 , 𝑠́ 2 , 𝑙́, 𝑔́ ). 𝑉 and 𝐿𝐶 represent total volume and fractional liquid binder content. 𝛽0 , 𝛼 and δ are
the parameters to be estimated from experimental data. For pharmaceutical processes, a
composition dependent aggregation kernel proposed by Matsoukas, Kim [70] may be used, since
distinct solid phases may attract or repel each other. This can be accounted for using a
multiplication factor 𝛹(𝑠1 , 𝑠2 , 𝑠́1 , 𝑠́ 2 ) = exp (−𝑎𝑎𝑏 (𝑥 + 𝑥 − ́2𝑥𝑥́ )), where 𝑥 is the mass fraction
of the first component. Once the kernel is formulated, the rate of aggregation is included in the
model through Equations 2.12 - 2.15:
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𝑓𝑜𝑟𝑚
𝑑𝑒𝑝
𝑅𝑎𝑔𝑔 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡) = 𝑅𝑎𝑔𝑔 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡) − 𝑅𝑎𝑔𝑔 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡)

2.12

𝑓𝑜𝑟𝑚
𝑅𝑎𝑔𝑔 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡)

=

1 𝑠1 𝑠2 𝑙 𝑔
∫ ∫ ∫ ∫ 𝛽(𝑠1 − 𝑠́1 , 𝑠2 − 𝑠́ 2 , 𝑙 − 𝑙́, 𝑔
2 0 0 0 0

2.13

− 𝑔́ , 𝑠́1 , 𝑠́ 2 , 𝑙́, 𝑔́ ) 𝐹(𝑠1 − 𝑠́1 , 𝑠2 − 𝑠́ 2 , 𝑙 − 𝑙́, 𝑔
− 𝑔́ , 𝑡)𝐹(𝑠́1 , 𝑠́ 2 , 𝑙́, 𝑔́ , 𝑡)𝑑𝑔́ 𝑑𝑙́ 𝑑𝑠́ 2 𝑑𝑠́1

𝑑𝑒𝑝

𝑅𝑎𝑔𝑔 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡)
1 ∞ ∞ ∞ ∞
= ∫ ∫ ∫ ∫ 𝛽(𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑠́1 , 𝑠́ 2 , 𝑙́, 𝑔́ ) 𝐹(𝑠́1 , 𝑠́ 2 , 𝑙́, 𝑔́ , 𝑡)𝑑𝑔 𝑑𝑙 𝑑𝑠2 𝑑𝑠1
2 0 0 0 0

𝑑𝑒𝑝

𝑅𝑎𝑔𝑔 (𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑡)
=

2.14

2.15

1 ∞ ∞ ∞ ∞
∫ ∫ ∫ ∫ 𝛽(𝑠1 , 𝑠2 , 𝑙, 𝑔, 𝑠́1 , 𝑠́ 2 , 𝑙́, 𝑔́ ) 𝐹(𝑠́1 , 𝑠́ 2 , 𝑙́, 𝑔́ , 𝑡)𝑑𝑔 𝑑𝑙 𝑑𝑠2 𝑑𝑠1
2 0 0 0 0

Similarly, breakage mechanism may be also be included in the model through the use of breakage
kernels. Breakage kernels as discussed in models for milling for comminution processes are also
applicable to granulation processes.
It is worth noting that the 4-D models as described above are computationally expensive to
evaluate. This limits its applicability for model based control, or advanced model applications such
as sensitivity analysis or flowsheet modeling. For practical purposes, the dimensionality of the
model can be reduced and a lumped parameter approach can be used, that is, one or more granule
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properties are lumped into the remaining distributions. A new equation is used for each lumped
parameter to track its evolution with time. For example, if gas volume is taken as the lumped
parameter, the 3-D reduced model is given by Equation 2.16 where nucleation and layering effects
are not considered.

𝜕
𝜕
𝑑𝑙
𝐹(𝑠1 , 𝑠2 , 𝑙, 𝑡) +
[𝐹(𝑠1 , 𝑠2 , 𝑙, 𝑡) ] = 𝑅𝑎𝑔𝑔 + 𝑅𝑏𝑟𝑒𝑎𝑘
𝜕𝑡
𝜕𝑙
𝑑𝑡

2.16

Equation 2.17 is the gas balance equation where total volume of gas in each bin is given by
𝐺(𝑠1 , 𝑠2 , 𝑙, 𝑡) = 𝑔(𝑠1 , 𝑠2 , 𝑙, 𝑡)𝐹(𝑠1 , 𝑠2 , 𝑙, 𝑡).

𝜕
𝑑𝑔
𝐺(𝑠1 , 𝑠2 , 𝑙, 𝑡) = 𝐹(𝑠1 , 𝑠2 , 𝑙, 𝑡)
+ 𝑅𝑎𝑔𝑔,𝑔𝑎𝑠 + 𝑅𝑏𝑟𝑒𝑎𝑘,𝑔𝑎𝑠
𝜕𝑡
𝑑𝑡

2.17

Barrasso and Ramachandran [71] provided a detailed account of several model order reduction
strategies and compared them to the full 4-D model. It was found that the 3-D model with gas
volume as the lumped parameter showed most promising results in terms of accuracy and
computational time, possibly due to low influence of gas phase on aggregation and breakage rates.
Among various continuous granulators available, the twin screw granulator (TSG) is the most
widely used model in continuous manufacturing processes. Barrasso and Ramachandran [67]
demonstrated the ability of a multi-dimensional PBM coupled with a DEM model to qualitatively
predict effects of screw design and configuration on granule properties. A compartmental PBM
was used where the TSG was represented as four well mixed axial, spatial compartments in series.
Powder and liquid were introduced in the first compartment and the granulated product exited the
last compartment. Within each compartment, the residence time of particles was evaluated using
DEM simulations. In addition, collision and velocity data gathered from DEM simulations were
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also used to evaluate mechanistic expressions for aggregation, breakage and consolidation. Despite
its promise, the use of mechanistic models for predictive purposes is still not widely accepted due
to the computational expense it carries. Use of surrogate modeling techniques such as artificial
neural networks, kriging etc., [72] to represent and predict the high dimensional and
computationally expensive mechanistic data, shows tremendous potential.
Fluidized bed dryer
Fluidized bed drying has been the widely adopted form of drying for pharmaceuticals, and
discussions on modeling of dryers has thus been restricted to fluidized bed drying. It is important
to note that some dryers operate in semi-continuous modes, and it is advised that the practioner is
cognizant of the mode of operation when adopting the drying models reviewed below.
Drying models with varying extent of detail ranging from empirical models to detailed mechanistic
models are published in the literature. A detailed review of the mechanistic drying models available
is published in Mortier, De Beer [73]. Drying of pharmaceutical material is typically described
using single particle drying models, where pore structure is ignored and the porous material is
treated as a whole. The single particle drying model can be used to predict the drying behavior of
a population of granules using population balance model. The effect of fluidization of the particles
can be thoroughly studied using computational fluid dynamics (CFD) models where the spatial
distribution of the moisture content can be analyzed.
In single particle drying models, evaporation of liquid is described using a diffusion equation. In
particular, Mezhericher, Levy [74] describes drying of a motionless single porous droplet in a flow
of air in two phases. In the first phase, temperature of the water increases and water evaporates
from the surface. This can be described using Equation 2.18:
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𝑚̇𝑣 = ℎ𝐷 (𝜌𝑣,𝑠 − 𝜌𝑣,∞ )𝐴𝑑

2.18

where 𝑚̇𝑣 is the mass transfer rate, ℎ𝐷 is the mass transfer coefficient, 𝜌𝑣,𝑠 is the partial vapor
density over the droplet surface, 𝜌𝑣,∞ is the partial vapor density in the ambient air, and 𝐴𝑑 is the
surface area of the droplet.
When the radius of the droplet becomes equal to the radius of the drying particle, the second drying
phase starts during which two regions, the wet core and the dry crust are formed. In this phase,
water evaporates inside the particle at the receding interface between the crust and the wet core.
The vapor generated over the interface diffuses and forms a thin boundary layer over the particle
surface. The drying air then takes away the vapor on the particle surface through convection. The
evaporation rate in the second phase is given by a complicated equation that is developed based on
a moving evaporating interface. The equations from both drying phases are to be solved
simultaneously with ODEs for decrease in droplet radius, temperature of the droplet, decrease in
wet core radius, PDEs for temperature profile in the dry crust and wet core. The reader is referred
to Mortier, De Beer [75] for details on the corresponding equations and their solution.
Mortier, Van Daele [76] proposed reduction of the complex single particle drying model to be used
in a population balance equation. To reduce the complex drying model, a global sensitivity analysis
is performed and the critical operating parameters that most impact the model outputs are chosen.
Empirical relationships can then be used to represent the complex drying model as a function of
the critical processing parameters. Based on the sensitivity analysis, particle radius was found to
be important for the first drying phase and gas temperature for the second drying phase.
For constant ambient conditions, drying of a population of wet granules can be described by
Equation 2.19:
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𝜕
𝜕
𝑛(𝑅𝑤 , 𝑡) +
𝑅̇ (𝑅 , 𝑌)𝑛(𝑅𝑤 , 𝑡) = 0
𝜕𝑡
𝜕𝑅𝑤 𝑤 𝑤

2.19

where 𝑛(𝑅𝑤 , 𝑡) is the number density distribution of particles of wet radius 𝑅𝑤 at time t. The growth
term, 𝐺𝑟 = 𝑅̇𝑤 (𝑅𝑤 , 𝑌) accounts for the decrease in moisture content. Here, Y represents the
ambient conditions in the system such as gas temperature, gas velocity, air humidity etc.
It is worth paying attention to the empirical and Artificial neural network (ANN) based models that
are published in literature [77] to predict the evolution of average moisture content of granules with
time. The empirical models are generally expressed in exponential terms to represent the drying
curves. While no mechanistic understanding of the process is incorporated in these models, they
may serve as an easy way to predict moisture content evolution.
Tablet Press
Similar to the roller compaction, the tablet press unit operation is identical in both batch and
continuous operations. The compaction process in a tablet press has thus been modeled since
decades. Tablet press unit modeling constitutes modeling of powder residence in the feed frame as
well as powder compaction behavior after flow from the feed frame in to the dies of a rotating
turret. The uniformity of powder flow from the feed frame to the die impacts the tablet weight and
its potency. Modeling of powder flow in the feed frame through discrete element method (DEM)
simulations are published and have provided deeper understanding of powder flow patterns,
potential particle attrition, over lubrication in the feed frame and effect on tablet weight variability
[78, 79]. Mateo-Ortiz and Mendez [80] studied the effect of paddle wheel speed and disc speed on
the residence time distribution of powder in the feed frame through laboratory experiments as well
as DEM simulations. The experiments conducted showed that higher paddle wheel speeds lead to
a lower mean residence time, narrow RTD profiles, and that the RTD profiles are similar to an ideal
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CSTR. Boukouvala, Niotis [81] used experimental data published in Mendez, Muzzio [82], and
developed response surface models for predicting mean residence time of powder as a function of
turret speed and paddle wheel speed.
Compaction of powders has been modeled extensively. Patel, Kaushal [83] provides a review of
the various models proposed to characterize powder compressibility. These models relate powder
properties such as porosity, volume, density etc., which are a measure of the state of consolidation
of powder, with compacting pressure. Among many such models proposed, the Heckel equation,
the Kawakita equation and the Kuentz-Leunberger (KL) equation are the most commonly used in
the pharmaceutical area. The Heckel equation given in Equation 2.20, assumes that the reduction
in porosity 𝑒 due to applied pressure 𝑃 on the powder obeys a first order relationship.

𝑙𝑛

1
= 𝑘𝑃 + 𝐴
𝑒

2.20

Here, constant k represents plasticity of the material and the constant A is the sum of two
densification terms as given by Equation 2.21:

𝐴 = 𝑙𝑛

1
+𝐵
𝑒0

2.21

where the first term is related to initial die filling and 𝐵 gives densification due to rearrangement
of particles.
The Kawakita model, described by Equations 2.22 and 2.23 assumes that when subjected to load,
the product of pressure and volume terms is constant, since the particles are in equilibrium at all
stages of compression.
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𝑃
1 𝑃
=
+
𝐶1 𝑎𝑏 𝑎

2.22

𝑉0 − 𝑉
𝐶1 = (
)
𝑉0

2.23

Here, V is the volume of compact at pressure 𝑃 and 𝑉0 is the initial apparent volume of powder. 𝑎
is the initial porosity and 1/𝑏 is the plasticity parameter.
The KL equation (Equation 2.24) was obtained by considering the pressure susceptibility of
porosity reduction as a function of powder bed porosity [84].

𝑃=

1
𝜀
[ (𝜀 − 𝜀𝑐 ) − 𝜀𝑐 ln ( )]
𝐶2
𝜀𝑐

2.24

Here, 𝜀𝑐 denotes the critical porosity when the powder attains a state of mechanical rigidity and
1/𝐶2 is the plasticity parameter.
All of the parameters can be determined experimentally through regression from forcedisplacement data. Paul and Sun [85] systematically evaluated the performance of these equations
and suggested that the KL equation is superior to Heckel and Kawakita equations applied to
powders exhibiting a wide range of mechanical properties. Singh, Gernaey [86] described a detailed
model based on Kawakita equation. This model also incorporates prediction of tablet hardness as
a function of compression force proposed by Kuentz and Leuenberger [84] as given in Equations
2.25 and 2.26:
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𝐻 = 𝐻𝑚𝑎𝑥 ( 1 − exp (𝜌𝑟 − 𝜌𝑟,𝑐𝑟 + 𝜆𝐻 )

2.25

1 − 𝜌𝑟
𝜆𝐻 = ln (
)
1 − 𝜌𝑟,𝑐𝑟

2.26

where 𝜌𝑟 is the relative density. The parameters 𝜌𝑟,𝑐𝑟 and 𝐻𝑚𝑎𝑥 are to be fitted from experimental
data. Escotet-Espinoza, Vadodaria [87] estimated these co-efficients from experimental data and
developed empirical equations to relate these parameters to the original blend properties.

2.2.1

Integrated process models

Developing individual unit operation models enables a superior understanding of each unit
operation, the relationship between the material properties, process and design parameters and the
quality attributes of intermediate materials. However, equally important, it enables the development
of a flowsheet model that simulates the continuous manufacturing line. A robust and detailed
flowsheet simulation is an approximate representation of the actual plant operation [88]. Dynamic
behavior of the entire manufacturing line with respect to disturbances or changes in the input factors
can be simulated using a flowsheet model. In addition, flowsheet models can be systematically used
to perform sensitivity analysis. Sensitivity analysis is a tool to identify the input factors that are
most influential on the output of interest, such as tablet properties. Once the critical input factors
are identified, a design space can be determined, within which all the process, product quality,
equipment and production rate constraints are met. Thereafter, the optimal operating conditions in
this feasible region that requires least operating and material costs can be determined. Another
advantage of development of flowsheet model is enabling the traceability of material, which aids
in identifying and discarding potential off-spec material. Lastly, it enables the testing of various
control strategies on the process. The entire exercise can be performed in-silico, resulting in savings
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in time, effort and money from performing laboratory experiments, or trials on the manufacturing
setup.
Once the individual unit operation models are developed, and the required parameters are
estimated, the integrated model is built via connecting the inlet of a unit to the outlet of the
preceding unit. Relevant material properties, operating conditions and individual unit model
variables are sent to the following unit. Figure 2.1 is a pictorial representation of information flow
between unit operations in a generic flowsheet model.

Figure 2.1 Schemtic showing the flow of information in a generic flowsheet model
Process simulators such as gPROMSTM, ASPENTM facilitate the development of flowsheet models.
The commercially available simulators aid in process simulation as well as the aforementioned
advanced applications of flowsheet models such as design space identification, sensitivity analysis
and process optimization. To further describe flowsheet model development, the required
connections and flow of information in a direct compaction, dry granulation and wet granulation
lines are shown in Fig (2). In the schematic, 𝜌, 𝑚̇, 𝑃𝑆𝐷, 𝑥, 𝑧 denote density, mass flow rate, particle
size distribution of the powder or granules, concentration and moisture content in the granule
respectively. The tablet weight, hardness and potency are denoted by 𝑤𝑡𝑎𝑏𝑙𝑒𝑡 , 𝜆𝑡𝑎𝑏𝑙𝑒𝑡 and 𝑥
respectively. It is important to note that connections of the same type are to have the same property
set. For example, the text in red, blue, grey and green correspond to variables related to powder,
granules, ribbons and tablets respectively. The variable set for each of these phases is to be
maintained consistent throughout the flowsheet in order to avoid simulation errors. The schematic
shown in Figure 2.2 is developed for a two-component system as an example. However, this can
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be easily extended to a multi-component system. The readers are to note that the variables listed
are shown as an example and the comprehensive list of variables, properties that need to be
transferred from a unit model to another will depend on requirements and validity of the unit
operation models for the specific manufacturing line in question.
The schematic shown in Figure 2.3 is an example of an integrated model of a direct compaction
line developed in gPROMSTM. The flowsheet model shown integrates the feeder, blender,
feedframe and tablet press models. The feeder model also includes a refill unit and a controller.
The controller manipulates the feeder screw speed in order to control feeder flowrate.
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Figure 2.2 Schematic of an integrated flowsheet model for direct compaction, dry granulation and
wet granulation routes of pharmaceutical manufacturing

34

Figure 2.3 Schematic of an integrated model developed in gPROMSTM
Previous work on the development of flowsheet models are restricted to direct compaction [12-14,
89] and dry granulation routes [15, 81] for continuous solid oral dosage manufacturing. Park,
Galbraith [15] created a flowsheet model of a continuous dry granulation process and applied it for
optimization. Boukouvala, Chaudhury [90] developed a flowsheet model for the wet granulation
route. This model served as a proof-of-concept and with no connection to specific experimental
data. The work done in this dissertation primarily focuses on the wet granulation route. A holistic
study on the process development of the wet granulation manufacturing route is a research gap
which is intended to be addressed in this dissertation.
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2.3 Design space of pharmaceutical processes
A design space is the multidimensional combination and interaction of input variables (e.g.,
material attributes) and process parameters that have been demonstrated to provide assurance of
quality [18]. Traditional methods for identification of design space of processes include designing
experiments considering multiple responses to investigate all the factors considered and developing
multiple response surface models [91, 92] . A ‘sweet spot’ or an optimal region is obtained where
the acceptable regions of multiple responses overlap. The challenge is that if the resulting overlap
is too small, the experimental design may need to be reconsidered, leading to waste of expensive
material and sub-optimal use of resources. In addition, model parameter uncertainty and sensitivity
to factor disturbances are not considered in this approach [93]. Design space of pharmaceutical
processes is closely related to the concepts of process feasibility, flexibility and resiliency [94]
generally applied for the chemical industry. The motivation for these concepts was to incorporate
operability considerations at design stage. Feasibility is the ability of a process to satisfy all
production, operating, safety and quality constraints. Early concept of process feasibility was
formulated [95] in terms of a flexibility test problem. The flexibility index problem determines a
quantitative measure which indicates the extent of flexibility that can be attained in a given
parameter range. The term ‘design space’ is used by the pharmaceutical industry as an operating
envelope identified with an experimental basis. The term ‘feasible region’ is used by the process
systems engineering community to identify this envelope using mathematical tools. These terms
are used interchangeably in this dissertation.
Analytical methods to solve for the flexibility problem includes the vertex solution method [96]
which considers the vertices of the uncertain parameter set as the critical points under some
convexity conditions. However, this method requires solving optimization problem at an
exponential number of vertices for higher dimensional problem. Also, in cases of non-linear
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constraints, the feasible regions could be nonconvex, and the vertices may not be the critical points.
The active-set method [97] could be used where the flexibility test problem and the flexibility index
problem are formulated as a two level optimization problem. However, this also requires the
constraints to be differentiable and available in closed-form. Laky, Xu [98] applied the flexibility
index concept to identify a probabilistic design space of pharmaceutical processes. Here,
uncertainty in model parameters was considered to exist. The flexibility index problem was solved
in terms of the model parameters and a probability map was generated over several process
parameter values. Of more interest in this dissertation are data-based methodologies which do not
require problems to be solved analytically, as the models for pharmaceutical are generally complex
in nature and derivatives are difficult to evaluate. The simplicial approximation approach proposed
by Goyal and Ierapetritou [99] measured the feasible region by evaluating inner and outer
approximations of the feasible region. Points are determined at the boundary of the feasible region
and a convex hull defined by these points is evaluated. However, this requires several function
evaluations and is not applicable for nonconvex feasible regions. Building on this idea, Banerjee
and Ierapetritou [100] proposed surface reconstruction approach by sampling points and
constructing polygonal representation of the feasible region. While the method is successful in
identifying disjoint and nonconvex feasible regions, large sampling costs are incurred which is a
limitation for computationally expensive models.
During the past decade, the need to develop predictive models for complex processes accompanied
by advances in computational capabilities has led to the evolution of higher fidelity models, which
incur high computational cost. The feasibility analysis methods discussed so far cannot be applied
to these models as they require high number of function calls which is prohibitive for such models.
Also, the have constraints that are not available in closed-form or function derivatives are difficult
to evaluate. Surrogate based methods have gained prominence to address problems of such nature
as these methods treat the models as ‘black-boxes’. In this class of methods, a surrogate model is
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used to approximate the computationally expensive model for identifying the feasible region.
Banerjee, Pal [101] used a HDMR surrogate model to approximate the original model and used the
computationally inexpensive surrogate to identify the feasible region. Kucherenko, Giamalakis
[102] used HDMR as a metamodel to represent the design space in case of uncertainty in model
parameters. Rogers and Ierapetritou [103] used kriging as the surrogate model to approximate the
original function for identifying disjoint and nonconvex feasible regions with limited sampling.
Wang and Ierapetritou [104] used RBF surrogate model which performed comparable to kriging
surrogate model. In some of these approaches, an adaptive sampling methodology is used, where
samples are identified in regions that are of high interest such as regions where the surrogate model
prediction errors are high or regions that are expected to be feasible. However, these approaches
showed limitations or did not illustrate examples in identifying feasible regions in high dimensional
problems. In this dissertation, the goal is to develop a methodology of identifying feasible regions
in low as well as high dimensional problems. The methodology will be applied to the integrated
continuous process models to support identification of design space.
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Chapter 3
Multi-scale model development of a continuous comilling
process
3.1 Background
The population balance model (PBM) approach is widely used to model breakage, crystallization
and settling processes in various industries such as mining, food, chemical, metal, pharmaceutical
etc. [105-108]. Modeling breakage processes through PBMs requires the formulation of a breakage
kernel that represents the breakage phenomenon. Kernels used in the past [49, 109] are empirically
formulated where material properties, process conditions are not explicitly incorporated in the
equations. This limits its applicability when process parameters and/or material properties are
changed. Per the QbD paradigm, companies are required to demonstrate the ability to predict the
effect of material properties and process parameters on product attributes. The impact of variation
in material properties or process conditions on product quality is more significant as disturbances
can propagate downstream [110]. The use of semi-empirical breakage kernels in a PBM based
approach to model comilling operation limits its applicability when the milling conditions or the
material processed is changed. In addition, a PBM does not capture particle-scale interactions that
would add more accuracy to the model. Discrete element method (DEM) models on the other hand,
have the potential to bridge this gap.
In the current work, an iterative algorithm is proposed to estimate material specific parameters of
an energy based mechanistic kernel [54]. Particle breakage is incorporated into the DEM model via
a ‘threshold energy’ which is a material specific parameter used in the energy based kernel. Full
extent of the effect of mill geometry on particle population inside the comill through screen
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thickness, screen hole size, impeller shape and speed, is incorporated into DEM model. The specific
purposes of this study are to:
• Develop a multi-scale framework for a milling process where material specific properties are
explicitly incorporated.
• Demonstrate the structure and validity of the framework using two case studies.
• Determine the material specific kernel parameters for a given material and process variables
known from experiments, such as milled product particle size distribution, hold up, process time
required to reach steady state.
• Validate the proposed framework via comparing predicted and experimental process output
variables.

3.2 Modeling methods
3.2.1

Multiscale modeling framework

An overview of the multiscale modeling framework involving DEM, PBM, and input from
experimental data is shown in Figure 3.1. The DEM model implements particle breakage through
particle replacement i.e., a particle is replaced by smaller size daughter particles when a breakage
criteria is met. The breakage criteria in DEM is implemented through a ‘threshold energy’, which
is a material specific parameter whereby a granule is replaced by smaller size granules when the
impact energy of the granules exceeds the threshold energy. An iterative algorithm is used where
the threshold energy is estimated for every iteration using PBM calibrated with experimental data.
The PBM uses mechanistic data from DEM simulations. DEM simulations are run with the updated
threshold energy value and mechanistic data obtained from the simulations are given as input to
PBM through energy based kernel. Details of the PBM and DEM models used are discussed in
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Sections 3.2.2 and 3.2.3 respectively, followed by details of the implementation of the iterative
algorithm which forms the basis for the multiscale PBM-DEM framework.
To demonstrate the proposed framework, two case studies are considered. The first case considers
1 mm feed material with breakage implemented in DEM, assuming kernel values are known. The
second case considers 1 mm feed material with breakage implemented in DEM, assuming kernel
values are unknown and uses information from experiments including milled product particle size
distribution, hold up amount, time required for the process to reach steady state, which hereafter
will be referred to as ‘steady state time’. For this work, we utilize computer generated data from
the PBM to be the virtual experimental data.

Figure 3.1 PBM-DEM framework for modeling continuous comill process

3.2.2

Population balance model (PBM)

A PBM is used to track the change in the mass of particles of a certain property over time. For a
milling process, the number of particles change due to breakage. A 1-D PBM model developed and
validated previously [111] for ribbons from a roller compactor is used in this work. Equation 3.1
represents the change in mass of particles M(x,t) of a certain diameter x with time t.
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𝑑 𝑀(𝑥, 𝑡)
= ℝ𝑓𝑜𝑟𝑚 (𝑥, 𝑡) − ℝ𝑑𝑒𝑝 (𝑥, 𝑡) + 𝑀̇𝑖𝑛 (𝑥, 𝑡) − 𝑀̇𝑜𝑢𝑡 (𝑥, 𝑡)
𝑑𝑡

3.1

A continuous feed rate of 4 kg/hr is used as 𝑀̇𝑖𝑛 (𝑥, 𝑡). Flow rate out of the mill is determined based
on the use of a parameter Δ = dscreen*δ where, δ is referred to as critical screen size ratio and dscreen
is the screen size used. If the size of the particle is less than Δ, it exits the mill instantaneously. If
the size of the particle is greater than the screen size, it does not exit the mill. If the size of particle
is within these limits, a linear function is used to determine the flow rate out of the mill as given in
Equations 3.2 and 3.3.

𝑀̇𝑜𝑢𝑡 (𝑥, 𝑡) = (ℝ𝑓𝑜𝑟𝑚 (𝑥, 𝑡) − ℝ𝑑𝑒𝑝 (𝑥, 𝑡) + 𝑀𝑖𝑛 (𝑥, 𝑡))(1 − 𝑓𝑑 (𝑥))

0
𝑥− Δ
𝑤ℎ𝑒𝑟𝑒 𝑓𝑑 (𝑥) =
𝑑𝑠𝑐𝑟𝑒𝑒𝑛 − Δ
1
{

3.2

𝑓𝑜𝑟 𝑥 ≤ 𝛥
𝑓𝑜𝑟 𝛥 ≤ 𝑥 ≤ 𝑑𝑠𝑐𝑟𝑒𝑒𝑛

3.3

𝑓𝑜𝑟 𝑥 > 𝑑𝑠𝑐𝑟𝑒𝑒𝑛

The breakage distribution function b(u,w) represents the distribution of the daughter particles
formed when a particle of volume w undergoes breakage. A log-normal distribution function as
given in Equation 3.4 is used in this work based on published work that successfully predicts
milling process using this distribution [112, 113]. C(w) is introduced to ensure mass conservation
holds such that the sum of mass fractions of all daughter particles (volume u) formed from a parent
particle (volume w) must be equal to 1 as given in Equation 3.6. The breakage kernel K(w) defines
the probability that a particle of volume w undergoes breakage. The kernel usually takes semiempirical forms such as a shear rate or impeller speed based kernel as given in Equation 3.5, where
υimp is the impeller speed or power law based kernel [114]. The breakage kernel is used to formulate
the rates of formation ℝ𝑓𝑜𝑟𝑚 and depletion ℝ𝑑𝑒𝑝 . P1, P2, n, σ and δ in Equations 3.4 and 3.5 are
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model parameters that are estimated from milling experiments. A cell average technique is used to
discretize and solve the population balance equations. More details on the numerical solution can
be found in Barrasso, Oka [111].

𝑤 2
−(𝑙𝑜𝑔𝑢 − log ( 𝑛 ))
𝐶(𝑤)
𝑏(𝑢, 𝑤) =
exp [
]
𝑢𝜎
2𝜎 2

𝐾(𝑤) = 𝑃1 𝜐𝑖𝑚𝑝

𝑤 𝑃2
𝑤𝑟𝑒𝑓

3.4

3.5

𝑤

∫ 𝑏(𝑢, 𝑤)𝑑𝑢 = 1

3.6

0

3.2.3

Discrete element method model

DEM is used to simulate discrete matter via the use of contact laws to model inter-particle
interactions. In this study, the Hertz-Mindlin (no slip) contact model is used as it is well suited for
non-cohesive interactions between spherical materials. The contact model has been widely used in
the literature [53, 115, 116]. More details on the contact model can be found in other sources [117119]. Commercial DEM package EDEM (EDEM solutions, 2.7) is used and EDEM API (Advanced
Programming Interface) is used to model particle breakage.
AutoCAD® software is used to develop the 3D drawing of the mill geometry consisting of the feed
wall, screen, impeller and collection bin as shown in Figure 3.2. The dimensions of the geometry
are set to represent the laboratory scale comill unit (Quadro 197-S, Quadro Engineering, Ontario,
Canada). A screen of 990 µm hole size, screen thickness 0.7874 mm, 25% open area and a square
edged impeller are used. A continuous feed rate of 4 kg/hr is introduced through the virtual feeder.
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Figure 3.2 Geometry of the comill used in DEM simulations
For the equipment properties, typical steel properties are used [120] (density 7900 kg/m3, poisson’s
ratio 0.3, coefficient of restitution 0.5, shear modulus 77 GPa). For the particles, a density of 860
kg/m3 is used to model pharmaceutical material. An effective particle density is used that is
calculated from particle true density of 960 kg/m3 and granular porosity of 0.1. Poisson’s ratio,
coefficient of restitution and shear modulus are taken as 0.3, 0.5, 1MPa respectively. The
coefficient of static and rolling friction are taken as 0.5, 0.01 respectively for steel as well as
particles based on values used in Marigo, Cairns [121] for particles. The effect of these parameters
on DEM simulations is out of the scope of this work, however, these values can be changed based
on calibration from experimental data as described in other sources [122-124].
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Particles in the comill break as a result of being subjected to stresses from particle-particle collision,
particle-impeller collision or particle-screen/wall collision. The profile of energy of each particle
over time is a representation of the time history of collisions experienced by the particle. The energy
distribution can be defined either as collision energy or dissipation energy, both of which are
available in DEM. A study by Capece, Bilgili [54] showed that the collision energy does not
differentiate between a small particle impacting a stationary larger particle and vice versa as the
relative velocities and reduced mass is the same in both cases. However, when dissipation energy
is considered, a lower value is obtained when a small particle impacts a stationary larger particle,
thus differentiating between two scenarios. Hence, energy distribution in this work is defined as
dissipation energy which is based on normal and tangential contact forces given in Equation 3.7
[125].

𝐸 = [𝐹𝑛,𝑑 𝑣𝑛 + 𝐹𝑡,𝑑 𝑣𝑡 ]Δ𝑡

3.7

where F and v denote force and velocity respectively, subscript ‘n’ and ‘t’ denote their normal and
tangential components respectively and subscript ‘d’ denotes dissipation component of force over
an incremental time period Δt.
In this work, breakage in DEM is modeled via particle replacement strategy [126]. The EDEM API
is used to set a rule that a particle breaks if the energy (E) lost by a particle during contacts given
by Equation 3.7 exceeds a minimum impact energy (Emin). Since, particles in the mill will be of
various sizes, a size dependence of the minimum impact energy is used. If x is the diameter of the
particle, xEmin is taken as a constant material property (Econst) [127] i.e., a smaller particle needs
higher energy to break when compared to a larger particle. When E > Emin ¸ as calculated in EDEM
API, the particle is removed from the simulation and instantaneously replaced by a group of
daughter particles in the space occupied by the mother particle. The number and size of daughter
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particles can be determined from experimental data or using mechanistic basis as described by
Reynolds [43], Loreti, Wu [128]. However for the purposes of demonstration of the framework,
the daughter particles in this work are chosen as two particles of half the volume each of parent
particle. The geometric orientation of the daughter particles is determined using a random function
in EDEM API. In addition, a minimum particle size limit of 350 μm is set in DEM as experimental
particle size measurements showed that less than 1.5% of mass of milled product is below 350 μm.
An illustration of the particle replacement strategy and its implementation in EDEM API is shown
in Figure 3.3 and Figure 3.4. At the beginning of a time step, impeller moves per the set rotation
speed. Particles are generated or updated based on previous time step. Particle-particle, particlegeometry contacts are detected and the corresponding calculations are done. If the energy lost
calculated is greater than the threshold energy for the particle, it is deleted and replaced by daughter
particles. Once all the contacts are processed and particle population is updated, the next time step
is processed. This loop is implemented till the final simulation time is reached.

Figure 3.3 Modeling breakage in DEM using particle replacement
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Figure 3.4 Breakage model implementation in EDEM API [129]

3.3 PBM-DEM framework
3.3.1

Energy based kernel

To establish a PBM-DEM framework for determining material specific kernel parameters the
development of an energy based breakage kernel by Capece, Bilgili [54] is utilized. The energy
term in this breakage kernel is multiplied by the frequency of collisions to account for multiple
impacts on particles. For the ith bin of diameter xi, the breakage kernel is given by Equation 3.8
where, fcoll,i is frequency of collisions of particles in ith bin defined as number of collisions per
particle per second as obtained from DEM simulations. Here, 𝐸𝑖,𝑚𝑖𝑛 =

𝐸𝑐𝑜𝑛𝑠𝑡
𝑥𝑖

where xi represents

the size of particles in ith bin. Ei is the mass specific energy of particles with energy greater than the
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threshold energy. Only particles with ‘contributing energies’ i.e., energies of particles greater than
threshold energy are considered in the kernel as these lead to breakage of particles.

𝐾𝑖 (𝑡) = 𝑓𝑚𝑎𝑡 𝑥𝑖 𝑓𝑐𝑜𝑙𝑙,𝑖 (𝐸𝑖 − 𝐸𝑖,𝑚𝑖𝑛 )

3.8

With the formulation of the energy based kernel as explained above, the impeller speed based
empirical kernel as given in Equation 3.5 can be replaced by a kernel that captures particle scale
information from the DEM model. This leads to the establishment of PBM-DEM framework to
estimate material specific parameters fmat and Econst. The non-kernel related parameters n, σ, and δ
are set at the values used to generate the milling experimental data as explained in Section 3.5. The
algorithm for the detailed framework is then explained in the following steps:
Step 1: Assume a value for Econst. A good starting point is to run short DEM simulations without
breakage and study the energy values to guess a plausible Econst value.
Step 2: Run DEM simulations with breakage and threshold energy equal to Econst for at least two
impeller speeds (say 1750, 2500 rpm) for about 40s, as experiments indicate this is approximately
the time required to reach constant flow rate of milled product.
Step 3: Obtain energy distribution data from DEM simulations. These values are given as inputs to
PBM for every size class and time interval Δt utilizing Equation 3.8.
Step 4: Steady state PSD, hold up, and steady state time from milling experiments are fit to the
PBM and the parameters fmat and Econst are estimated. The objective function given in Equation 3.9
is minimized to estimate the parameters fmat and Econst.
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2

𝜑(𝜃) = ∑[𝑃𝑆𝐷𝑗,𝑒𝑥𝑝𝑡 − 𝑃𝑆𝐷𝑗,𝑠𝑖𝑚 ]2 + [ℎ𝑜𝑙𝑑𝑢𝑝𝑗,𝑒𝑥𝑝𝑡 − ℎ𝑜𝑙𝑑𝑢𝑝𝑗,𝑠𝑖𝑚 ]2
3.9

𝑗=1

+ [𝑆𝑆𝑡𝑖𝑚𝑒𝑗,𝑒𝑥𝑝𝑡 − 𝑆𝑆𝑡𝑖𝑚𝑒𝑗,𝑠𝑖𝑚 ]2

where SStime refers to steady state time and subscripts ‘j,expt’ and ‘j,sim’ refer to experimental and
simulated values for the jth impeller speed respectively.
Step 5: The estimated Econst in step 4 is used back in step 2.
The iterations continue until the convergence criterion is met. At the end of the algorithm, fmat and
Econst are estimated along with the energy distribution data which can now be used in PBM. The
framework is graphically illustrated in Figure 3.5.
The purpose of using a PBM in this framework is as follows:
•

Estimate the constant material properties Econst and fmat. This is achieved via calibration
of PBM from experimental data and estimation of parameters. If the value of Econst is not
known, a valid DEM model cannot be setup as the breakage condition in DEM is dependent
on Econst.

•

Determination of Econst from experimental data alone was done by Capece, Bilgili [53].
However, this required additional experiments to be done in a batch process for all of the
size fractions using mono sized feeds and measurement of broken particle mass at various
time points. In the absence of such feed, an empirical kernel is assumed in the PBM and
parameters of this kernel are estimated through least squares fitting of known experimental
data such as milled product particle size distribution [109, 111]. However, this approach
inherently accepts the empirical nature of the kernel and thus limits its applicability when
material or any other experimental conditions such as feed rate are changed. Another issue
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is the amount of material required to perform these experiments. To obtain a mono sized
feed for lower size fractions, a large amount of material is required as the mass percentage
of low size fractions in granulated product is relatively low. The proposed framework does
not need milling experiments using mono sized feed material, while also replacing the
empirical formulations of the kernel with mechanistic kernel. The circumvention of
experiments with mono sized feeds is especially an advantage for pharmaceutical granules
as the preparation of such feed is laborious as well as leads to wastage of large amounts of
expensive pharmaceutical ingredients.
Hence, a combined DEM-PBM framework, where the parameters are determined via calibration of
PBM model is more efficient as the number of experiments as well as quantity of raw material
required is considerably low.
•

Design, control and optimization of the process. Once the parameters Econst and fmat are
estimated and the relationship between energy distribution and impeller speed is captured,
DEM simulations can be run in standalone for milled product PSD prediction. However,
PBM is much faster to run than DEM, which is required for inline control and process
optimization. Hence, PBM can be used to represent the particle scale energy distribution
data obtained in DEM and thus the prediction of PSD can be achieved. While a surrogate
model can be used to represent the relationship between impeller speed and particle size
distribution obtained in DEM, this will reduce any mechanistic understanding achieved
from a DEM model to a ‘black box’. This is undesirable as it limits the usability of the
model. However, a PBM which is formulated using kernel and fragment distribution
function representing a breakage process, retains the intuitive understanding of breakage
and expands its applicability when process conditions or materials are changed. While
energy distribution of granules at various impeller speeds is still needed, this can be
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achieved via building a surrogate model that captures this relationship and can be used in
PBM kernel, thus making the framework eventually independent of the DEM runs.
In order to ensure the identifiability of parameters fmat and Emin, and support the choice of objective
function given in Equation 3.9, sensitivity analysis is performed as described in the following
section.

3.3.2

Sensitivity analysis

Sensitivity analysis is the study of attributing the cause and extent of variability in the model
response to various input variables. It can be utilized to quantitatively analyse the importance of
model parameters with respect to variability in the model response [130]. The use of sensitivity
analysis in the context of parameter estimation for multi scale models has been explored by many
researchers [131, 132]. In the current work, variance based sensitivity analysis is used to determine
the extent of the effect of the material specific parameters fmat , Econst and non-kernel related
parameters n, σ, and δ on the outputs of the PBM model; particle size distribution, steady state time
as well as objective function value as given in Equation 3.9. Sobol’s method of computing
sensitivity indices [133] to assess impact of each of the parameters is used. The sensitivity indices
are computed based on evaluations of the model at various values of the parameters. The lower and
upper bounds for the parameters used in this work are listed in Error! Reference source not f
ound.. N(k+2) sampling points are taken for function evaluations, where k is the number of
parameters used in this model (k=5) and N=1000 is used in this work based on recommended
minimum number of 500 [134].
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Figure 3.5 PBM-DEM framework
Let Y=f(X1, X2,….Xk) be a scalar model output i.e., a function of k model parameters. If Xi is ith
factor, X~i is matrix of all factors except i. If N is the total sample size, A and B are two sample
matrices of input factors of size N x k. ABi Is matrix where column i comes from matrix B and all
other k-1 columns come from matrix A. More details on the choice of A and B matrices are
explained by Saltelli, Annoni [133].
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If V, E are variance and expected values respectively, then total sensitiviy index STi is given by
Equation 3.10.

𝑆𝑇𝑖 = 1 −

𝐸𝑿~𝑖 [𝑉𝑋𝑖 (𝑌|𝑿~𝑖 )]
𝑉(𝑌)

𝑤ℎ𝑒𝑟𝑒 𝐸𝑿~𝑖 (𝑉𝑿𝑖 (𝑌|𝑿~𝑖 )) =

𝑁
1
∑ 𝑓(𝑨)𝑗 (𝑓(𝑨)𝑗 − 𝑓(𝑨𝑖𝑩 )𝑗 )
𝑁
𝑗=1

3.10

3.11

A higher value of sensitivity index STi implies a higher effect on the response variable. Figure 3.6
shows a sensitivity index plot for the PBM-DEM model, where energy data corresponding to a
threshold energy of 0.03 J m/kg and impeller speeds of 1750 and 2500 rpm are used in the PBM.
The plots indicate Econst and fmat are significant parameters in the PBM-DEM model. PSD(1),
PSD(2), PSD(3) and PSD(4) shown in Figure 3.6, refer to the mass fraction in the smallest four
bins of the milled product particle size distribution. The effect of these parameters is evident in
particle size distribution, as well as holdup and steady state time output variables, which supports
the choice of objective function as given in Equation 3.9 that includes all these output variables.
Table 3.1 Range for model parameters used for sensitivity analysis
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Figure 3.6 Total sensitivity index plot with energy data from DEM simulations with Econst = 0.03
J m/kg and impeller speeds of 1750 rpm and 2500 rpm

3.4 Qualitative comparison with experiments
In this section the effect of the threshold energy parameter on milling dynamics is demonstrated
through experiments and the DEM-PBM framework developed. The threshold energy parameter
reflects in the strength of granules or granule friability. Specifically, the goals are two-fold:
•

Evaluate the effect of granule strength on the particle size evolution of granule through
experiments

•

Demonstrate that the DEM-PBM framework can qualitatively predict the effect of granule
strength on breakage through particle size evolution profiles

Since a conical screen mill has a screen that allows exit of granules based on relative size of the
granule to the screen, the effect of granule properties on particle size distribution is more apparent
in the absence of a screen. Specifically, the screen holes were covered using an aluminium foil to
eliminate exit of granules. It is important to note that the breakage of granules due to impact and
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shear from the screen and the impeller is not affected. The experiments conducted were designed
to reflect this.
Two batches of granules are prepared using a high shear granulator. The granule strength is varied
between the two batches through liquid to solid ratio and wet massing time. The formulation used
to prepare the granules using the high shear granulator is given in Table 3.2. Using the ingredients
in the given formulation, the powders were blended in a tote blender (Glatt tumble tote blender) for
30 minutes. Following this, the pre blended powders were granulated in a 2.4 L batch granulator
(Key-International table-top high shear granulator) at certain granulator settings. The granulation
process parameters used in this work are given in Table 3.3. These settings are chosen based on
work previously published [135]. Granule porosity is expected to be inversely proportional to
granule strength. Based on this, the process parameters that yield low and high porosities are
chosen. Batch 1 with low expected porosity (23.78%) has high strength granules and Batch 2 with
high expected porosity (59.72%) has low strength granules. Particle size distributions of the batches
are measured using sieve analysis measurement. The wet granules thus prepared in the high shear
granulator are air dried for 48 hours before milling in a conical screen mill (Quadro® 197-R). In
each milling experiment, a fixed mass of granules was milled at a fixed impeller speed. The purpose
of fixing these parameters is to demonstrate the effect of granule strength. Each batch of granules
are milled for 90 s and 5 min. Particle size distributions at the end of milling are measured using
sieve analysis measurement.
Table 3.2 Formulation components and percentages
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Table 3.3 Batch Granulation settings

The evolution of particle size distributions as observed experimentally are plotted in Figure 3.7.
The figure shows that the change in PSD for the Batch 1 (solid lines) proceeds at a slower rate
when compared to the change in PSD for Batch 2 (dashed lines). This demonstrates the effect of
granule strength on the dynamics of particle size evolution. The granule strength is synonymous to
the ‘threshold energy’ parameter used in the DEM-PBM framework developed for the mill.

Figure 3.7 Particle size distribution of feed and milled granules (at 90 s 300 s) for Batch 1 (high
strength, solid lines) and Batch 2 (low strength, dashed lines)
A successful implementation of the framework should show similar trends in the prediction of
particle size distribution. To demonstrate this, DEM simulations are run using a geometry that

56
reflects the experimental setup i.e., the screen is only a hollow fulstrum and does not have holes
for granules to exit. The DEM geometry used in the simulations is shown in Figure 3.8. 100 g of
granules are introduced into the geometry through a virtual feeder. The particle size distribution of
the granule feed used in the simulations is similar to the PSD measured experimentally. It may be
observed that the PSD of feed for Batch 1 and 2 has a high volume fraction in the size bin of 2.8
mm. The particle size distribution of the feed used in the DEM simulations is given in Table 3.4.
A high threshold energy is simulated using a hypothetical value of 0.8 J m/kg and a low threshold
energy is simulated using a hypothetical value of 0.6 J m/kg. The DEM simulations are run for 10
s. Energy and collision frequency values are recorded and used in the PBM through the energy
based breakage kernel. In addition, the PBM also reflects the conditions of batch feed i.e., 𝑀̇𝑖𝑛 = 0
and absence of exit of granules i.e., 𝑀̇𝑜𝑢𝑡 = 0. The resulting particle size distribution profiles for
Batch 1(high threshold energy) and Batch 2(low threshold energy) are plotted in Figure 3.9 and
Figure 3.10 respectively. For profiles with low threshold energy, the PSD at 90 s reflects much
larger granule size compared to the profile at 300 s. However, the profiles with high threshold
energy show minor change from 90 s to 300 s. From these comparisons, it is apparent that the
DEM-PBM framework can predict qualitative trends in the PSD evolution as observed in the
experiments.
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Figure 3.8 Geometry used in the DEM simulations
Table 3.4 Particle size distribution of the feed used in the DEM simulations
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Figure 3.9 Prediction of evolution of particle size distribution from the DEM-PBM framework,
High threshold energy 0.8 J m/kg

Figure 3.10 Prediction of evolution of particle size distribution from the DEM-PBM framework,
Low threshold energy 0.6 J m/kg
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3.5 Case studies
Two cases are discussed in this section with the aim to demonstrate the convergence of the proposed
algorithm as well as provide an understanding of the significance of the structure of the framework.
For the case studies and iterations, DEM simulations are run for 5 seconds and only ‘contributing
energies’ i.e., energies of particles greater than threshold energy are considered in the energy
distribution data.
In Case study 1, breakage is implemented in the DEM model as explained in Section 3.2.3. In this
case study, the algorithm is demonstrated assuming breakage kernel values are known.
Traditionally, kernel values of PBM are estimated from tedious milling experiments with narrowly
distributed feeds or single particle breakage tests [49, 136]. In this work, kernel values (Kknown, j )
are assumed to be known for two impeller speeds i.e., j = 1, 2 based on hypothetical Econst and fmat
values. With the assumed fmat value and DEM data corresponding to the assumed Econst , Equation
3.8 is used to compute the kernel value, Kknown,j for the two impeller speeds. The aim of this case
study is to implement the algorithm with breakage incorporated into DEM. Convergence of the
algorithm in this case study to the known material specific parameters shall demonstrate the validity
of the framework to estimate material specific parameters in cases where breakage is significant.
For each iteration, the objective function used is a sum of squared differences between known
kernel values Kknown, j and kernel value obtained based on fmat and Econst values estimated in each
iteration. The iterative algorithm specific to the case study 1 is shown schematically for clarity in
Figure 3.11.
For case study 2, breakage is implemented in the DEM model, as in the previous case study.
However, kernel values are assumed to be unknown as is usually the case in any process. Instead,
measurements from milling experiments are assumed to be known. For this case study,
experimental data used, specifically particle size distribution of the milled product, holdup amount,
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steady state time are virtually generated using a simulated PBM previously described in Section
3.2.2. The data are generated for 1750 rpm and 2500 rpm impeller speeds and the model parameters
used to generate this data are listed in Table 3.5. The breakage distribution parameters n and  are
chosen as 2 and 0.5 respectively to replicate breakage of a parent particle into a distribution of
daughter particles with mean of half the volume of mother particle. Experimental data thus
generated is also listed in Table 3.5, with milled product particle size distribution plotted in Figure
3.12. The aim of this case study is to implement the algorithm with breakage incorporated into
DEM and assuming only measurements from milling experiments are available. For each iteration,
the objective function used is a sum of squared differences between experimental particle size
distribution PSD, holdup, steady state time (designated as PSDexpt, holdupexpt and SStimeexpt
respectively) and simulated values obtained based on fmat and Econst values estimated in each
iteration. Convergence of the algorithm in this case study to the known material specific parameters
shall demonstrate the validity of the framework to estimate material specific parameters. This is
significant in cases where kernel values are unknown because of various limitations such as limited
availability of material or limited manpower to perform tedious experiments with narrowly
distributed feeds. Details and further discussion specific to each case study is explained in the next
sections.
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Figure 3.11 Workflow used in Case study 1 and 2 to demonstrate the algorithm
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Figure 3.12 Particle size distributions of milled product at steady state
Table 3.5 Parameters of PBM used to generate milling data
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Case study 1
Breakage of particles based on threshold energy is considered in DEM simulations i.e., particles
break when ‘E’ as given in Equation 3.7 is more than threshold energy. The validity of the algorithm
in this case is important as studies have shown that kernel values are influenced by population and
the distribution of particles, a phenomenon referred to as non-linear kinetics [137, 138],[139].
Breakage in DEM is implemented via deletion of the mother particle and replacement with two
daughter particles of half the volume each as explained in Section 3.2.3. DEM simulations are run
at a continuous feed rate of 4 kg/hr of mono sized 1 mm feed particles. Two simulations each at
1750 and 2500 rpm are run for Econst values of 0.03, 0.003, 0.0003 J m/kg. Simulations are run to
t=5 s and the algorithm is implemented for impact energy data at t=5 s. A snapshot of DEM
simulation at t=1 s showing particles of different sizes is given in Figure 3.13.
In order to demonstrate the implementation of the algorithm, targeted values for Econst and fmat are
chosen as 0.03 J m/kg 0.1 kg/J m respectively. The corresponding kernel values based on DEM
simulation data and Equation 3.8 are 0.5199 and 0.2864 s-1 respectively for 1 mm particles. Since
1 mm particles have size greater than the screen size, breakage rate of 1 mm size class is studied.
An arbitrary guess value for Econst is chosen for the first iteration. Energies above the threshold
energy i.e., E>Econst/particle size are only considered in kernel formulation as these contribute to
breakage. Considering θ = [fmat, Econst] as parameters, the objective function given in Equation 3.12
is used to estimate fmat and Econst for the next iteration.

2

(𝜃) = 𝑚𝑖𝑛𝜃 ∑ [𝐾𝑘𝑛𝑜𝑤𝑛,𝑗 − 𝑓𝑚𝑎𝑡 𝑥𝑓𝑐𝑜𝑙𝑙 (𝐸 −
𝑗=1

𝐸𝑐𝑜𝑛𝑠𝑡 2
)]
𝑀

3.12

The optimization yields a new threshold energy value Econst, est and, fmat, est. The new Econst value is
used in the next iteration to find corresponding contributing energies. Since contributing energy
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data from DEM simulations are dependent on Econst value, DEM simulations are run with the new
Econst value at every iteration. The corresponding energy and collision data are analysed to estimate
parameters for the next iteration. For this work, energy and collision data for Econst values within
the bounds [0.03, 0.003] or [0.003, 0.0003] are obtained through linear interpolation. fcoll and mass
specific energy values for the three Econst values and two impeller speeds are shown in Figure 3.14.
The iterations are continued till the difference between Econst, est from two consecutive iterations is
lower than tolerance. If the final Econst converges to the targeted Econst, the algorithm is
demonstrated. Details on iterations using objective function in Equation 3.12 are shown in Table
3.6. The work flow representation for this case study is given is Figure 3.11.

Figure 3.13 Snapshot of DEM simulation showing particles of different sizes inside and exiting the
mill
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Figure 3.14 Collision and mass specific energy of 1 mm particles from DEM simulations for case
study 1 and 2 at various Econst values and impeller speeds 1750, 2500 rpm
Table 3.6 Iterations for case study 1 showing convergence to targeted Econst and fmat values with
starting guess values for Econst = 0.002 J m/kg

Case study 2
Case study 2 addresses the scenario where kernel values from milling experiments are not known,
as it is usually the case. An alternative is to calibrate a PBM model with experimental data from
multi sized feeds which is relatively easier, but requires the assumption of an empirical form of the
breakage kernel. The empirical assumption is usually based on experience or is a form that is
borrowed from breakage experiments from other industries. The disadvantage of this is the
questionable validity of the assumed form, since the dependence of the kernel on size or speed of
impeller or feed rate etc., may not be valid across different materials, sizes, speeds or feed rates.
Hence, the framework in the current study proposes to use other process variables such as particle
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size distribution, steady state time, hold up amount directly with DEM simulations which not only
is devoid of making any empirical assumptions on the form of breakage kernel, but also eliminates
the traditional path of performing experiments with mono sized or narrowly distributed feeds.
In this case study, conditions used for DEM simulations are the same as explained in the previous
case study. However, objective function in Equation 3.9 i.e., a sum of squared errors between
predicted and experimental PSD, steady state time and hold up is used. The experimental data is
obtained as explained earlier, with the breakage rate values for 1 mm size class considered as 0.5199
and 0.2864 s-1 for 1750 and 2500 rpm respectively. Hence, the iterations should converge to Econst
of 0.03 J m/kg and fmat of 0.1 kg/J m. The details of the iterations converging to Econst of 0.027 and
fmat of 0.12 is shown in Table 3.7.
Table 3.7 Iterations for case study 2 showing convergence to targeted Econst and fmat values with
starting guess values for Econst = 0.001 J m/kg

The final Econst and fmat values obtained from the algorithm i.e., 0.027 J m/kg and 0.12 kg/J m are
considered as the known material specific parameters. Mass specific contributing energy from
DEM simulation run at 1000 rpm is used to predict the particle size distribution, steady state time,
holdup and compared with computer generated experimental data for 1000 rpm in Figure 3.12 and
Table 3.5. A holdup of 3.08 g, steady state time of 55.84 s is predicted which compares well against
experimental holdup value of 3.39 g and steady state time of 55.83 s. Comparison of predicted and
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experimental milled particle size distribution for 1000 rpm is given in Figure 3.15. While the
excellent agreement between experiment and simulated values is also in part due to the same value
of n, σ and δ parameters considered in generating the data as well as PBM used for validation, the
convergence of algorithm to the targeted Econst and fmat values serve as proof of concept for the
proposed multi scale framework to estimate the material specific parameters.

Figure 3.15 Comparison of experimental and predicted milled particle size distribution at 1000 rpm
from Econst = 0.025 J m/kg and fmat = 0.14 kg/J m
The case studies thus demonstrate and explain the need and validity of the proposed framework
where PBM, DEM and experimental data are treated together to estimate material specific kernel
parameters. While the case studies are implemented and demonstrated for 1 mm particles, the
validity of the framework is independent of the size distribution of the feed. In addition, for various
impeller speeds and threshold energies, energy data at 5 s of milling time is collected, analyzed and
used in the framework to utilize the advantage of computer generated milling data. With lab
experiments, the energy data needs to be collected at various times to capture the breakage
dynamics and given as input to the PBM through energy based kernel till the process reaches steady
state. Since the framework is applied to continuous process, breakage can be implemented in DEM,
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which is otherwise not computationally economical to apply in a batch process as the number of
particles drastically increase with time. In contrast, for a continuous process, since there are also
particles exiting the system, this is captured as an opportunity to incorporate breakage in DEM and
thus include the effects of changing population dynamics in the framework.

3.6 Summary
In this work, a multi-scale DEM-PBM approach utilizing a breakage kernel that identifies material
properties; and that is calibrated with experimental data to estimate these properties, is proposed.
A rule based breakage of particles is implemented in the DEM model, where a particle breaks if
the energy lost from contacts exceeds a minimum threshold energy. The DEM model implemented
also accounted for the effect of mill geometry in particle breakage specifically through
incorporation of screen holes, screen thickness and impeller design. Limited milling experiments
with granular material are required with the proposed methodology, which eliminates the need for
tedious experiments with mono-dispersed feeds or assumptions related to semi empirical
formulation of breakage kernels for estimation of material specific parameters. The convergence
of the proposed methodology is demonstrated for various cases and the need for a combined
framework is established.
In the current work, instantaneous energy loss from contacts is considered to implement breakage
in DEM. Incorporation of cumulative energy i.e., energy lost by particles from all the collisions
over the time period of its existence is a potential area of investigation as it hypothesized that
granular structure becomes weaker due to repeated collisions and hence the threshold energy is
lower [140]. In addition, the proposed framework uses discrete energy data from DEM simulations
at various time steps into PBM. A surrogate model can be developed as the energy distribution is
dependent on process variables such as feed flow rate, impeller speed etc. The incorporation of
mechanistic data into the PBM can be made more efficient through the use of surrogate model that
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can capture this dependence. In terms of the computational power, while the expense for the
proposed methodology is high due to incorporation of particle breakage in the DEM model,
advances in the area of parallel computing is expected to alleviate limitations on computational
complexity which is generally high in mechanistic models. Further work is also needed to
incorporate measured material properties of granules such as porosity, friability etc., into
mechanistic models and thus make these models more useful in understanding the effect of material
properties on the process.
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Chapter 4
A computationally efficient surrogate-based reduction of
multi-scale comill process model
4.1 Background
In this chapter, the DEM-PBM multiscale framework for a comill process as established and
explained in the previous chapter using a mechanistic breakage kernel developed by Capece, Bilgili
[54] is applied. The purpose is to include the effect of material properties and processing conditions
into the modeling framework and under the QbD paradigm. However, since particle scale
phenomena are captured, DEM simulations are very computationally expensive. The issue of
higher computational expense is exacerbated for units involving particle size and number change
such as milling as the computation power needed is proportional to the number of particles in the
system. This limits its use in flowsheet modeling, for instance, where the model needs to be
evaluated quickly for dynamic simulation and control purposes. Surrogate modeling (SM)
techniques can effectively bridge this gap.
Mechanistic data from DEM simulations at various processing conditions are collected. Following
this, a SM-PBM framework is then established to replace the DEM-PBM framework by developing
surrogate models for the mechanistic data obtained from the DEM simulations. The effect of the
hybrid framework on the bulk property predictions such as steady state granule size distributions
and dynamic holdup profiles are analyzed. The framework is implemented and shown for two case
studies along with the supporting discussion. Following this, to demonstrate the applicability of the
surrogate model based framework in flowsheet modeling, the mill and tablet press models are
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integrated and the effect on tablet properties such as hardness and weight are analyzed. The work
presented is then summarized along with discussion on prospects of future work.

4.2 Modeling methods
4.2.1

Discrete element method model

The DEM model as described in the previous chapter (Section 3.2.3) is used here. The model used
is explained here briefly. The Hertz-mindlin contact model [118, 119] is used with a time
integration step of 3.5e-6 s. The criteria for breaking a particle in DEM is setup through the use of
a ‘threshold energy’, which is a material specific parameter. A particle is considered broken, and
is replaced by a distribution of smaller particles, if the impact energy of the particle exceeds a
‘threshold energy’. The implementation of particle breakage in DEM is done using the particle
replacement strategy [126]. A rule based breakage is used whereby, if the energy lost by a particle
exceeds the threshold energy, the particle is deleted from the simulation and is replaced by a
distribution of daughter particles. The number and size of daughter particles can be determined
from experimental data or using mechanistic basis [43, 128]. For the purposes of this work, it is
assumed that a particle breaks into two particles of half the volume each. A minimum particle size
limit of 350 μm is also set in DEM as experimental particle size analysis showed that less than
1.5% of granules inside the comill is below 350 μm.
For the equipment properties, typical steel properties were used [120] (density 7900 kg/m3,
poisson’s ratio 0.3, shear modulus 77 GPa). For the particles, a density of 860 kg/m3 was used to
model pharmaceutical material. An effective particle density was used that is calculated from
particle true density of 960 kg/m3 and granular porosity of 0.1 [141]. Poisson’s ratio and shear
modulus were taken as 0.3, 1MPa respectively. Coefficient of restitution was taken as 0.2 for
interaction of steel with particles and particles with particles. The coefficients of static friction for
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steel-particle and particle-particle interactions were taken as 0.4 and 0.5 respectively and the
coefficient of rolling friction for steel-particle and particle-particle interactions were taken as 0.01
based on values used in [121]. The DEM parameters used are also listed in Table 4.1. The effect of
these parameters on DEM simulations is out of the scope of this work, however, these values can
be changed based on calibration from experimental data as described in [122-124]. Simulations
were setup such that the feed is introduced to the comill in a continuous mode. The feed particle
size distribution was set by assuming a normal distribution with mean 1 mm and a standard
deviation 0.2 mm. 13 particle size classes were generated using a geometric progression ratio of
21/6 and ranging from 0.35 to 1.4 mm (i.e., 0.35*(21/6)n where n varies from 0 to 12), which are
designated as bin 0, bin 1,...bin 12. The feed ranged from particle size 0.55 to 1.4 mm (i.e., bin 5
to bin 12). DEM simulations for two case studies were run. In the first case study, the feed flow
rate is considered constant at 4 kg/h and mill impeller speed is varied. In the second case study, the
mill impeller speed is fixed at 1000 rpm and eight simulations are run at various feed flowrates.
For each of the case studies, additional simulations were run which were used to validate the
modeling framework. The specific simulation conditions used for both case studies are tabulated
in Table 4.1.
The data from DEM simulations is introduced to a PBM through the mechanistic breakage kernel,
explained in the previous chapter (Section 3.2.3) and also given in Equation 4.1. Breakage kernel
in a PBM defines the breakage rate or the breakage probability of particles and is used in
formulating rates of formation and depletion of particles in population balance models. The goal of
using the mechanistic kernel is to introduce particle scale information obtained from DEM
simulations and utilize it to define breakage probability at a system level and obtain bulk property
predictions such as milled particle size distribution. The post processing of data from DEM
simulations for use in the mechanistic kernel for both case studies and their use in the framework
is discussed in further sections.
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Table 4.1 Details on DEM simulation parameters and runs for two case studies

4.2.2

Population balance model

The PBM as described in the previous chapter is used here. The model used here applies the same
model equations. Specifically, a log-normal breakage distribution function is used. The breakage
kernel in a PBM reflects the probability or the rate at which a particle breaks due to collisions. PBM
for a comilling process developed in [43, 111] used empirical breakage kernels based on shear rate,
impeller speed, and particle size. However, the parameters of these kernels that are obtained from
calibration with experimental data do not explicitly identify their dependence on particle properties
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or processing conditions. This limits their applicability and does not support the QbD approach that
the pharmaceutical industry is aligning to. In this direction, Capece, Bilgili [54] proposed the use
of a breakage kernel with a mechanistic basis i.e., a kernel that is informed by DEM simulations
and explicitly identifies terms that depend on material properties and milling environment. This
mechanistic breakage kernel as given in Equation 4.1 is used in the model. For particles of diameter
xi, the breakage kernel Ki at various times t is defined. The energy term in this breakage kernel is
multiplied by the frequency of collisions to account for multiple impacts on particles. fcoll,i is
frequency of collisions of particles in ith bin defined as number of collisions per particle per second
as obtained from DEM simulations. Here, 𝐸𝑖,𝑚𝑖𝑛 =

𝐸𝑐𝑜𝑛𝑠𝑡
𝑥𝑖

where xi represents the size of particles

in ith bin. This represents the dependence of particle threshold energy on the particle size i.e., a
smaller particle needs higher energy to break when compared to a larger particle. The parameter
Econst is the ‘Threshold energy’ that is also used to setup DEM simulations (Table 4.1). Ei is the
mass specific energy of particles with energy greater than the threshold energy. Only particles with
‘contributing energies’ i.e., energies of particles greater than threshold energy are considered in the
kernel as these lead to breakage of particles.

𝐾𝑖 (𝑡) = 𝑓𝑚𝑎𝑡 𝑥𝑖 𝑓𝑐𝑜𝑙𝑙,𝑖 (𝐸𝑖 − 𝐸𝑖,𝑚𝑖𝑛 )

4.1

The parameters 𝑓𝑚𝑎𝑡 and 𝐸𝑐𝑜𝑛𝑠𝑡 can be determined from experimental data and using DEM
simulations. Chapter 3 explains an efficient way of using an iterative algorithm through which the
material specific parameters fmat, Econst can be estimated from experimental data and DEM
simulations. In Capece, Bilgili [53], the parameters were estimated using experimental data alone,
however this requires performing tedious experiments with mono sized material. In the current
work, the values of 𝑓𝑚𝑎𝑡 and 𝐸𝑐𝑜𝑛𝑠𝑡 are considered as 5 kg/J m and 0.03 J m/kg respectively as
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given in Table 4.2. While these are hypothetical values, the approach in this paper is applicable to
mechanistic data generated using any parameter values.
The remaining PBM parameters, n, σ, ε, α, fmat, Econst are considered fixed. It is important to note
that the value of Econst used is same as the threshold energy parameter used to implement breakage
in DEM simulations and the values of n, σ are set to simulate binary breakage as in the DEM
simulations. Table 4.2 gives the values of the parameters used in this work.
Table 4.2 Parameters used in PBM

4.2.3

Surrogate model

In surrogate modeling, models that incur high computational cost are reduced to lower cost models
[142-144]. The reduction in computational cost enables the use of these models for process
flowsheet simulations, process optimization and further analysis [12, 103, 104, 145, 146]. Jia, Davis
[147] used surrogate models to predict loss-in-weight feeder flow variability as a function of unit
flowability and feed rate. A specific class of surrogate modeling techniques known as Reduced
Order Models (ROM) have been used to represent high fidelity CFD simulations. Lang, Malacina
[148] demonstrated the effectiveness of ROM for process simulation and optimization using case
studies from power generation processes. Fei, Black [149] demonstrated building of surrogate
model based flowsheet model for an integrated gasification and combustion power generation
process and the optimization of the flowsheet model for economic and environmental benefits was
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also shown. CFD based ROM models are also used in optimizing operation of bioreactors [150].
Specific to pharmaceutical process modeling, the reducing order modeling methodology in
combination with response surface models such as kriging was established in [60] and applied to
a continuous blending process case study. In Rogers and Ierapetritou [57], DEM simulations were
run for a continuous blender and reduced order models were developed for distributed parameters
such as velocity. The reduced order model was used to ultimately predict blend uniformity through
RSD i.e., relative standard deviation of the component concentration. A PLS model was developed
to predict RSD, as a function of axial velocity and other design variables such as blade speed and
shaft angle.
In the current work, the high cost DEM models are reduced to low cost models using surrogate
modeling techniques, specifically Kriging and Artificial Neural Networks (ANN) in order to
efficiently represent the mechanistic data into PBM. The primary purpose for the use of these
techniques is to aid the use of the DEM-PBM framework into continuous process modeling.
Kriging and Artificial neural networks are chosen in this work as they are known to effectively
model non-linear data [151, 152]. The next two sections present a brief description of the two
modeling methodologies.
4.2.3.1

Kriging

Kriging implemented in Design and Analysis of computer Experiment (DACE), is selected in this
work [153]. Detailed background and derivation of this modeling technique can be found in [153,
154]. A brief description is given here. The kriging model prediction 𝑓̂(𝑥 𝑖 ) for a d dimensional
input xi is given as a realization of a regression model 𝜇̂ (𝑥 𝑖 ) and an error term 𝜀̂(𝑥 𝑖 ) as given in
Equation 4.2. The error ε is represented by a Gaussian process with zero mean and covariance
2
𝜎𝑘𝑟𝑖𝑔
𝑹(𝜃, 𝑥 (𝑖) , 𝑥 (𝑗) ) between 𝜀(𝑥 (𝑖) ), 𝜀(𝑥 (𝑗) ) where 𝑹 is the correlation model. The correlation

model 𝑹 indicates that the errors in the predicted values are correlated as a function of the
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independent variables. In this work, the generalized exponential function is used to represent the
correlation model as given in Equation 4.3, which indicates that when the distance between the
points xi and xj is close to zero, the correlation is one and when the distance between the points
increases, the correlation decreases.

𝑓̂(𝑥 𝑖 ) = 𝜇̂ (𝑥 𝑖 ) + 𝜖̂(𝑥 𝑖 )

𝑑
(𝑖)

𝑹(𝜃, 𝑥 , 𝑥

(𝑗)

(𝑖)

(𝑗) 𝜃𝑑+1

) = exp( − ∑ 𝜃ℎ |𝑥ℎ − 𝑥ℎ |

4.2

),

0 < 𝜃𝑑+1 ≤ 2

4.3

ℎ=1

The parameter 𝜃ℎ relates to the significance of the variable. A large value of 𝜃ℎ leads to a large
value of correlation for small distances between the points xi and xj. For the parameter 𝜃𝑑+1 , a
value of 2 or 1 gives the Gaussian and exponential function respectively. Usually, the correlation
model has a large impact on the model fit to the data when compared to the regression terms. Hence,
a constant term for μ=β is considered sufficient for a good model prediction [154].
The values of the parameters β, σ2, θi are estimated using the maximum likelihood of the observed
response y. The logarithm of the likelihood function is given by Equation 4.4.

𝑇
𝑛
𝑛
1
(𝑦 − 1𝛽̂ ) 𝑅−1 (𝑦 − 1𝛽̂ )
2
ln(𝐿) = − ln(2П) − ln(𝜎𝑘𝑟𝑖𝑔 ) − ln(|𝑅|) −
2
2
2
2
2𝜎𝑘𝑟𝑖𝑔

4.4

2
The optimal values of β, 𝜎𝑘𝑟𝑖𝑔
are given by Equations 4.5 and 4.6. Using the optimal values, the

final kriging predictor is given by Equation 4.7, where r is the correlation between the point to be
correlated and sample design points 𝒓 = 𝑹(𝑥 𝑛𝑒𝑤 , 𝑥 𝑖 ). In this work, kriging model is built and
applied to the framework in MATLAB 2017a.
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𝛽̂ =

1𝑇 𝑅−1 𝑦
1𝑇 𝑅−1 1

4.5

𝑇

(𝑦 − 1𝛽̂ ) 𝑅−1 (𝑦 − 1𝛽̂ )
𝑛

4.6

𝑓̂(𝑥 𝑛𝑒𝑤 ) = 𝛽 + 𝑟 𝑇 𝑅 −1 (𝑦 − 1𝛽)

4.7

2
𝜎̂𝑘𝑟𝑖𝑔
=

4.2.3.2

Artificial neural network

Artificial neural networks have been used successfully to model complex problems related to
pattern recognition, classification, and prediction in various fields. ANNs have been used to
successfully model pharmaceutical processes as well [155]. For example, Akkisetty, Lee [156] used
ANN to establish relationship between mill operating conditions, material properties selection and
breakage functions of a population balance model (PBM). Barrasso, Tamrakar [72] used ANN to
represent collision information obtained from DEM simulations into PBM to simulate wet
granulation process. In artificial neural networks, input-output dataset is connected using neurons
or nodes. A basic neural network structure consists of three layers; an input layer for the input
variables in the model, a hidden layer where the input variables are transformed and an output layer
for the output variables in the model. Each input variable is weighed before it reaches the neuron
in the next layer. An additional neuron is added with a unit weight to be included as bias. The
weighed inputs to the neuron are summed and a transfer function is applied before reaching the
next layer. This continues for any number of hidden layers in the network. In ANN, a learning rule
is applied to choose the weights and biases that best predict the output variable. The optimal set of
weights and biases are obtained by minimizing a performance function using an optimization
algorithm. In this work, Levenberg-Marquardt algorithm is used and the performance function
minimized is the sum of squared differences between the predicted and targeted output variable
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values from the data set. The dataset provided to ANN is divided randomly into training, validation
and testing datasets. The training dataset is used to optimize the weights and biases. The validation
dataset is used to determine the optimum number of times (epochs) the dataset is provided to the
network in order to prevent overfitting of the data. The test set is generally used to compare different
architectures. An indication of the need for a different architecture can be known from test set error.
If the optimum performance function value occurs at a significantly different epoch compared to
the validation set, a different ANN architecture may need to be looked at.
An example of ANN architecture with one input layer, one hidden layer and one output layer is
given in Figure 4.1. The architecture given in the figure has three input neurons (represented as
yellow circles), four neurons (represented as blue circles) in the hidden layer and one neuron in the
output layer (represented as the green square). In addition, a bias is added to the input and hidden
layers with a constant weight of 1 (represented by yellow and blue squares). In this work, the input
layer has three neurons and output layer has one neuron. Also, one hidden layer with ten neurons
is used. A sigmoid transfer function as given in Equation 4.8 is used for hidden layer and a linear
transfer function is used for output layer. The dataset is randomly divided into training, validation
and testing set in the ratio of 0.65, 0.25, and 0.1 respectively as recommended in [157]. The
MATLAB neural network toolbox [158] is used to build the ANN models and apply it to the
framework.

𝑡𝑎𝑛𝑠𝑖𝑔(𝑖) =

2
−1
1 + 𝑒 −2𝑖

4.8
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Figure 4.1 Schematic of an artificial neural network example

4.2.4

Hybrid model framework

The DEM-PBM framework is established through the use of the energy based kernel as given in
Equation 4.1. The framework is pictorially shown in Figure 4.2. DEM simulations using the
threshold energy constant are run to 10 s. Energy and collision frequency data are obtained by
logging every collision event resulting in a breakage, and post processing this data. As the DEM
simulation progresses, each collision event that results in energy of the particle exceeding the
threshold energy is recorded in a text file automatically. For post processing the data, 13 particle
size bins are set based on a geometric progression ratio of 21/6 and mean particle diameters ranging
from 0.35 to 1.4 mm. Collision frequency in this work is defined as number of collisions resulting
in breakage per particle per second. For a size bin i, the total number of collisions of particles
resulting in breakage divided by the number of particles for the time interval used gives the collision
frequency fcoll, i for the size bin i (Equation 4.9). Similarly, sum of energies of all particles from a
particle size bin divided over total mass of particles gives the specific energy Ei for particle size bin
i (Equation 4.10) as a function of particle size, time and processing condition. For simulations run
at constant impeller speed, energy and collision frequency data is obtained as a function of particle
size, time and flow rate. For simulations run at constant flowrate, energy and collision frequency
data is obtained as a function of particle size, time and impeller speed.
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𝑓𝑐𝑜𝑙𝑙,
=

𝑖

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛𝑠 𝑖𝑛 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡 (𝑓𝑟𝑜𝑚 𝑏𝑟𝑒𝑘𝑎𝑖𝑛𝑔 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠 𝑖𝑛 𝑏𝑖𝑛 𝑖)
𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠 (𝑖𝑛 𝑏𝑖𝑛 𝑖) ∗ 𝑡𝑖𝑚𝑒 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝑡

𝐸𝑖 =

𝑆𝑢𝑚 𝑜𝑓 𝑒𝑛𝑒𝑟𝑔𝑖𝑒𝑠 𝑜𝑓 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠 (𝑓𝑟𝑜𝑚 𝑏𝑟𝑒𝑘𝑎𝑖𝑛𝑔 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠 𝑖𝑛 𝑏𝑖𝑛 𝑖)
𝑇𝑜𝑡𝑎𝑙 𝑚𝑎𝑠𝑠 𝑜𝑓 𝑝𝑎𝑟𝑡𝑖𝑐𝑙𝑒𝑠 (𝑖𝑛 𝑏𝑖𝑛 𝑖 )

4.9

4.10

For simulations at constant flowrate, this results in 450 data points (5 impeller speeds x 9 particle
sizes x 10 time intervals). For simulations at constant impeller speed, this results in 720 data points
(8 flowrates x 9 particle sizes x 10 time intervals). The particles in bin numbers 1, 11, 12 are not
considered as particle with the lowest size i.e., bin number 1 is considered to exit the mill and is
not expected to break. The particles in bins 11 and 12 (mean particle diameters 1.24 mm and 1.4
mm) resulted in variation of less than 10% in the data obtained from DEM. This is possibly due to
low population of particles of this size in the feed and an even lower population in the broken mass.
The matrix of DEM data is obtained through processing data from the text file using custom codes
in MATLAB. In the DEM-PBM framework, mechanistic data resulting from DEM simulations are
fed to PBM through the breakage kernel. In addition, for a new processing condition, say a different
flowrate or impeller speed, the DEM simulation needs to be run at the new processing condition.
On the contrary, in the SM-PBM framework, surrogate models for the specific energy and collision
frequency are developed using the DEM simulation runs in the experiment design. For a new
flowrate or impeller speed, the surrogate model is able to predict the specific energy and collision
frequency for the required particle sizes and time intervals without having to run the DEM
simulation. The limitation in computational expense from DEM simulation is addressed since the
surrogate model takes few seconds to run when compared to a DEM model which takes days to
run. In addition, the mechanistic information can be analytically represented using surrogate model
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equations, which provides an effective way to incorporate particle scale information into process
modeling. These serve as significant advantages of using the surrogate models.

Figure 4.2 Schematic for the hybrid model framework
In order to utilize the hybrid model framework with a new material using experimental data,
accurate estimation of DEM simulation parameters and breakage kernel parameters are required.
Yan, Wilkinson [159] utilized angle of repose experiments and statistical analysis to understand
the relative importance of the DEM simulation parameters (particle-particle and particle-wall static
and rolling coefficients, coefficient of restitution, shear modulus) and facilitate their calibration in
order to appropriately represent the material in DEM simulations. In addition, it is important to
know the distribution of daughter particles obtained once a parent particle undergoes breakage.
Loreti, Wu [128] proposed methodology to study particle breakage for impact milling of ribbons.
To utilize the hybrid model framework, it is also important to estimate the breakage kernel
parameter Econst, which signifies threshold energy needed for a particle to undergo breakage. Metta,
Ierapetritou [160] proposed an iterative algorithm to estimate the threshold energy parameter. Once
all the required DEM simulation parameters are obtained, DEM simulations need to be run to
develop surrogate models that efficiently represent the DEM data, thus building the SM-PBM
approach that can be utilized in continuous process modeling. While the DEM simulation
parameters may change as milling progresses, from the authors’ knowledge, there is limited work
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that considers changes in particle properties as the breakage process progresses. Inclusion of such
phenomenon remains to be a challenge to be addressed.

4.2.5

Model integration

Flowsheet models are developed using the individual unit models via connecting the inlet of a unit
to the outlet of the preceding unit [89]. Relevant product properties, operating conditions and
individual unit model variables are sent to the following unit. Process simulators such as
gPROMSTM facilitate the development of flowsheet models. Previous work published in the area
of pharmaceutical flowsheet model development for direct compaction line [12, 161], dry
granulation line [81, 162] and wet granulation line [163] used unit operation models that are based
on mass balance principles, empirical, semi-empirical approaches, population balance models.
However, these models do not include mechanistic data obtained from computationally expensive
simulations like DEM. Surrogate models provide an effective way to facilitate the inclusion of
mechanistic models into integrated process models.
In this work, the mill model as described in Section 4.2.4 is integrated with a tablet press model
[12]. In a tablet press, material from the mill unit is transferred to the dies. The geometry of the
dies and depth to which material is filled, known as fill depth (FD) determines the weight of the
tablet (wtablet). Tablet hardness is modeled using the Kuentz-Luenberger equation [84] as given in
Equation 4.11, where 𝜌𝑟 is the relative density, 𝜌𝑟,𝑐𝑟 is the relative critical density and 𝜆𝐻 is an
intermediate variable defined as given in 4.12. The relative density 𝜌𝑟 is defined as the ratio of
initial volume of solid in the die (𝑉𝑠𝑜𝑙𝑖𝑑 ) over tablet volume (𝑉𝑡𝑎𝑏𝑙𝑒𝑡 ). The tablet volume is given
by the length (𝐿𝑡𝑎𝑏𝑙𝑒𝑡 ), diameter of the tablet (𝐷𝑡𝑎𝑏𝑙𝑒𝑡 ). The initial solid volume (𝑉𝑠𝑜𝑙𝑖𝑑 ) in the die
can be calculated based on the bulk density (𝜌𝑏𝑢𝑙𝑘 ) and true density (𝜌𝑡𝑟𝑢𝑒 ) of the milled granule
product along with volume occupied by the granules in the die (𝑉0 ) as given in Equation 4.13. The
volume occupied by granules in the die is dependent on the fill depth to which the granules are
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filled and the diameter of the tablet (𝐷𝑡𝑎𝑏𝑙𝑒𝑡 ) as given in Equation 4.14. V0 is also used to determine
the tablet weight as given in Equation 4.15. The parameter 𝐻𝑚𝑎𝑥 is the maximum hardness which
represents tablet hardness at zero porosity and 𝜌𝑟,𝑐𝑟 is the relative critical density. The parameters
𝜌𝑟,𝑐𝑟 and 𝐻𝑚𝑎𝑥 need to be obtained from experimental data. The tablet press model parameters
used in this work are listed in Table 4.3.

𝐻 = 𝐻𝑚𝑎𝑥 (1 − 𝑒𝑥𝑝(𝜌𝑟 − 𝜌𝑟,𝑐𝑟 + 𝜆𝐻 )

4.11

1 − 𝜌𝑟
𝜆𝐻 = 𝑙𝑛(
)
1 − 𝜌𝑟,𝑐𝑟

4.12

𝑉𝑠𝑜𝑙𝑖𝑑
𝜌𝑟 =
=
𝑉𝑡𝑎𝑏𝑙𝑒𝑡

𝜌
(𝜌𝑏𝑢𝑙𝑘 ) 𝑉0
𝑡𝑟𝑢𝑒
𝜋𝐷 2
𝐿𝑡𝑎𝑏𝑙𝑒𝑡 𝑡𝑎𝑏𝑙𝑒𝑡
4

4.13

2
𝜋𝐷𝑡𝑎𝑏𝑙𝑒𝑡
4

4.14

𝑤𝑡𝑎𝑏𝑙𝑒𝑡 = 𝑉0 𝜌𝑏𝑢𝑙𝑘

4.15

𝑉0 = 𝐹𝐷

Table 4.3 Parameters used in the tablet press model
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It should be noted that the tablet press model requires bulk density of the milled granules as model
input. Since the mill model predicts particle size distribution of the milled product, there is a need
to connect this information with the milled granule bulk density. Previous work published for
modeling this relation included the use of empirical models [164-167]. In this work, the empirical
relationship developed by Yajima, Itai [168] is used to predict the granule bulk density. The authors
realize that the applicability of such empirical models developed is limited and, for a new
formulation or design condition, experiments need to be conducted again to rebuild the empirical
relationships. However, in this article, to demonstrate the benefit of implementation of surrogate
models, the empirical model as given in Equation 4.16 is considered, where 𝑎0 = 0.4747, a1 =
0.2322, a2 = −0.1277, a3 = 0.0753, a4 = −0.0846. X1 and X2 are the mean and standard deviation

of the particle size distribution when fitted to a lognormal distribution.

𝜌𝑏𝑢𝑙𝑘,𝑔/𝑐𝑐 = 𝑎0 + 𝑎1 𝑋1 + 𝑎2 𝑋2 + 𝑎3 𝑋1 𝑋2 + 𝑎4 𝑋12

4.16

Overall, the mill operation simulated by the SM-PBM as described in Section 4.2.4, the tablet press
model as described in this section, along with a bulk density prediction model as described in
Equation 4.16 are used to build an integrated mill and tablet press model using gPROMSTM
Modelbuilder 5.1. A schematic of the integrated model built in this platform is shown in Figure
Figure 4.3.
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Figure 4.3 Schematic of the integrated mill and tablet press model developed in gPROMS™
In the next section, details on the surrogate models built for specific energy and collision
frequencies, along with their effect on the bulk property prediction is discussed for two case studies.
Following this, the implementation of the surrogate models in the mill and tablet press integrated
model and its effect on tablet properties is discussed.

4.3 Case studies and model integration
4.3.1

Case study with fixed flow rate simulations

Kriging and ANN models are built for specific energy and collision frequency of particles as a
function of particle size, time and impeller speed based on data obtained from five DEM
simulations run as per the experimental design (Table 4.1). For the validation case (850 rpm),
absolute percentage differences between the DEM value for specific energy and collision
frequency, and Kriging model are plotted in Figure 4.4. Similarly, absolute percentage differences
between the DEM value for specific energy and collision frequency, and ANN model for the
validation case are also plotted in Figure 4.4. In addition, Table 4.4 lists the maximum and
minimum errors in the developed Kriging and ANN models. The percentage error from the
surrogate models as seen from the plots is less than 10% for most particle sizes and times. However,
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the maximum error from a Kriging based energy and collision model is 25.6% and 15.8%
respectively. Also, the maximum error from an ANN based energy and collision model is 20.8%
and 27.4% respectively. To understand the acceptable error limit, it is important to see how the
surrogate models affect predictions from the hybrid model framework. Particle size distributions
and dynamic holdup are process responses from the hybrid model and also the bulk property
predictions of interest in a milling process. In particular, breakage kernel effects the particle size
distribution of the product inside the mill as well as exiting the mill. Hence, a comparison of model
predictions from DEM-PBM and SM-PBM approaches should be analyzed through PSD of the
product inside, exiting the mill and dynamic holdup. In addition, the aforementioned predictions
are also compared with model predictions considering a constant kernel i.e., the kernel is assumed
to be independent of particle size and time. The constant value considered is taken as the average
of kernel values obtained from DEM simulations for all particle sizes and time intervals. The
comparison to predictions from a constant kernel based model is done in order to show that is
important to consider the effect of particle size and its evolution with time on particle breakage.
For case study 1, a comparison of particle size distribution of material inside and exiting the mill
at steady state for kriging based model is shown in Figure 4.5 (first row). Figure 4.5 (second row)
also shows the comparison for an ANN based model. A comparison of the dynamic holdup for
kriging based model and ANN based model are also shown in Figure 4.5. It is apparent that the
surrogate based model predictions agree well with DEM based model predictions. The constant
kernel based predictions differ significantly from DEM based predictions in this case study.
To quantify the effect of the surrogate models on predictions, a sum of square errors is computed
and reported. For PSD plots, the metric is computed as sum of squares of errors between DEMPBM prediction and SM-PBM prediction for all particle size mass fractions inside and exiting the
mill at steady state as given in Equation 4.17. For dynamic holdup plot, the metric is computed as
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sum of square errors between DEM-PBM prediction and SM-PBM prediction of holdup for every
second as given in Equation 4.18.

𝑛𝑠

𝑆𝑆𝐸𝑃𝑆𝐷 =

2

∑ (𝑚𝑎𝑠𝑠 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑏𝑖𝑛,𝐷𝐸𝑀−𝑃𝐵𝑀 − 𝑚𝑎𝑠𝑠 𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛𝑏𝑖𝑛,𝑆𝑀−𝑃𝐵𝑀 )

4.17

𝑏𝑖𝑛=1

𝑇
2

𝑆𝑆𝐸ℎ𝑜𝑙𝑑𝑢𝑝 = ∑(ℎ𝑜𝑙𝑑𝑢𝑝𝑡,𝐷𝐸𝑀−𝑃𝐵𝑀 − ℎ𝑜𝑙𝑑𝑢𝑝𝑡,𝑆𝑀−𝑃𝐵𝑀 )

4.18

𝑡=1

For case study 1, the sum of square errors for PSD from Kriging-PBM approach, ANN-PBM
approach and constant kernel models are 2.6e-4, 2.5e-4 and 1.9e-2 respectively. For dynamic
holdup, the sum of square errors for PSD from Kriging-PBM approach, ANN-PBM approach and
constant kernel models are 0.36, 0.96 and 26.6 respectively. The metrics for case study 1 are also
tabulated in Table 4.5. It is evident that that surrogate models are successful in predicting PSD and
holdup. In addition, bulk property predictions from kriging based model is comparable to ANN
based model.
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Figure 4.4 Percentage error surface plots for Energy and Collision surrogate models from Kriging
(first row) and ANN (second row) for case study 1, Validation: 850 rpm
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Figure 4.5 Comparison of PSD and holdup plots, DEM Vs SM Vs Constant kernel for case study
1, Validation: 850 rpm. Kriging based surrogate (First row) and ANN based surrogate (second
row).
Table 4.4 Maximum and minimum absolute percentage errors for specific energy and collision
frequency surrogate models for case study 1, validation: 850 rpm and case study 2, validation: 3.25
kg/h
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Table 4.5 Metrics to compare performance of Kriging, ANN and constant kernel based particle size
distribution and holdup predictions for case study 1, validation: 850rpm and case study 2,
validation: 3.25 kg/h

4.3.2

Case study with fixed impeller speed simulations

Similar to case study 1, Kriging and ANN models are developed for specific energy and collision
frequency of particles based on DEM simulations at eight flowrates as given in Table 4.1. For the
validation case (3.25 kg/h), absolute percentage error plots for the specific energy and collision
frequency from kriging models are shown in Figure 4.6 (first row). Similarly, the error plots for the
corresponding ANN based models for specific energy and collision frequency are also shown in
Figure 4.6 (second row). The percentage maximum and minimum errors for these models are listed
in Table 4.4. As done for case study 1, the effect of these surrogate models on hybrid model
predictions are analyzed and the performance of these models is compared. For case study 2,
comparison of particle size distribution of material inside and exiting the mill at steady state for
kriging based model is shown in Figure 4.7 (first row). Figure 4.7 (second row) shows the
comparison for an ANN based model. A comparison of the dynamic holdup for kriging based
model and ANN based models are also shown in Figure 4.7. Similar to case study 1, SM based
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model predictions agree well with DEM based model predictions. The constant kernel based
predictions differ significantly from DEM based predictions in this case study as well.
The performance metrics for the surrogate models is listed in Table 4.5. The sum of square errors
for PSD from Kriging-PBM approach, ANN-PBM approach and constant kernel models are 2.9e4, 1.2e-3 and 1.1e-2 respectively. For dynamic holdup, the sum of square errors for PSD from
Kriging-PBM approach, ANN-PBM approach and constant kernel models are 0.04, 0.97 and 4.56
respectively. As for the previous case study, it is apparent that the surrogate models are successful
in predicting PSD and holdup. In addition, the kriging model outperforms the ANN based model.

Figure 4.6 Percentage error surface plots for Energy and Collision surrogate models from Kriging
(first row) and ANN (second row) for case study 2, Validation: 3.25 kg/h
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Figure 4.7 Comparison of PSD and holdup plots, DEM Vs SM Vs Constant kernel for case study
2, Validation: 3.25 kg/h. Kriging based surrogate (First row) and ANN based surrogate (second
row).
Through the case studies detailed, the predictions from SM-PBM approach are shown to be
comparable to DEM-PBM approach. The significance of the proposed hybrid framework lies in the
drastic improvement seen in computational cost. The SM-PBM model takes few seconds to run in
contrast to the DEM-PBM model that takes few days to run as a result of the high fidelity DEM
model. In addition, the SM-PBM approach is shown to have capability to predict the mechanistic
data at a new processing condition. This is a significant advantage as it eliminates the need to run
DEM simulations when the processing condition is changed.

4.3.3

Implementation in integrated process modeling

The mill model developed using the SM-PBM framework as described in Section 4.2.4 was built
in MATLAB using the DACE toolbox [169] and the ANN toolbox [170]. However, model
integration is usually done in simulators such as gPROMSTM, as this platform allows dynamic
simulation and dynamic propagation of disturbances from an upstream unit to the succeeding units.

94
gPROMSTM uses an equation-oriented approach instead of sequential modular approach. An
overview of the equation-oriented techniques used in gPROMSTM platform and comparison with
the sequential modular approach is given by Pantelides and Barton [171].
Surrogate models, for instance, a kriging model can be effectively incorporated in gPROMSTM
along with the population balance model equations described in Section 4.2.2. For demonstration,
the set of equations for the kriging models added to the PBM in gPROMSTM, along with the model
parameters used are explained here. The design sites in the model are represented by a matrix X of
size mx3 that are mean centered and univariate scaled, where m=450 for case study 1 (5 impeller
speeds x 9 particle sizes x 10 time intervals) and m=720 (8 flowrates x 9 particle sizes x 10 time
intervals) for case study 2. xnew is a vector representing the point at which the surrogate model needs
to be evaluated i.e., xnew = [impeller speed, time in seconds, particle radius in mm]T for case study
1. The set of Equations 4.19 yields the kriging model predictor represented as 𝑓̂(𝑥 𝑛𝑒𝑤 ) where γ, is
a matrix of size mx1 that represents correlation factors given by 𝛾 = 𝑅 −1 (𝑦 − 1𝛽).
Table 4.6 shows the parameters obtained for the energy as well as the collision frequency kriging
model. Model parameters relevant for case study 2 are shown in Table 4.7.

𝑑𝑥(𝑖, 𝑗) =

𝑥 𝑛𝑒𝑤 (𝑗) − 𝑆𝑥 (1, 𝑗)
− 𝑿(𝑖, 𝑗), 𝑖 = 1,2 … 𝑚; 𝑗 = 1,2,3
𝑆𝑥 (2, 𝑗)

𝑡𝑡(𝑖, 𝑗) = 𝜃(𝑗) ∗ |𝑑𝑥(𝑖, 𝑗)|𝜃(4) , 𝑖 = 1,2, . . 𝑚; 𝑗 = 1,2,3
4.19
𝑟(𝑖) = 𝑒

∑3𝑗=1 𝑡𝑡(𝑖,𝑗)

, 𝑖 = 1,2. . 𝑚
𝑚

̂(𝑥 𝑛𝑒𝑤 )

𝑓

= 𝑆𝑦 (1) + 𝑆𝑦 (2) ∗ (∑ 𝛾(𝑖)𝑟(𝑖) + 𝛽 )
𝑖=1
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Table 4.6 Kriging model parameters for case study 1

Table 4.7 Kriging model parameters for case study 2

Similarly, an artificial neural network surrogate model can be incorporated in gPROMS TM along
with the population balance model equations as well. The model parameters i.e., weights and biases
corresponding to the input layer and the hidden layers are obtained using the design points i.e.,
m=450 for case study 1 and m=720 for case study 2 using the MATLAB ANN toolbox. If 𝑥 𝑛𝑒𝑤 is
a vector representing the point at which the surrogate model needs to be evaluated i.e., 𝑥 𝑛𝑒𝑤 =
[impeller speed, time in seconds, particle radius in mm]T for case study 1, let xscale,new be the
corresponding scaled variable. The surrogate model predictor can then be evaluated as given in
Equation 4.20, where 𝑤𝐼→𝐻 (𝑘, 𝑖) represents the weight from ith neuron in the input layer to the kth
neuron in the hidden layer. 𝑏𝐼→𝐻 (𝑘) represents bias from the input layer to the kth neuron in the
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hidden layer. The value of the kth neuron in the hidden layer is represented as HN(k) as given by
Equation 4.20. 𝑤𝐻→𝑂 (𝑘) represents weight from kth neuron in the hidden layer to the neuron in the
output layer. The weights and biases for all the layer connections for case study 1 are listed in Table
4.8. Model parameters for case study 2 are listed in the Table 4.9. Using the weights and bias from
the hidden layer to the output layer, the scaled surrogate model predictor can be obtained.

4.20
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Table 4.8 ANN model parameters for case study 1
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Table 4.9 ANN model parameters for case study 2

The surrogate models can thus be used to develop a mechanistic integrated mill and tablet press
model in gRPOMSTM. While gPROMSTM uses an equation-oriented approach, in contrast, the
solution of the population balance model developed in MATLAB uses explicit Euler integration
method. Figure 4.8 shows evolution of particle size distribution percentiles d10, d50 and d90 at 850
rpm and 4 kg/h (case study 1) obtained from gPROMSTM as well as MATLAB, which shows the
solution methods yield comparable results.
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Figure 4.8 Comparison of evolution of milled product percentile diameters predictions from
gPROMS and MATLAB, 850 rpm
With the integrated model thus implemented in gPROMSTM, Figure 4.9 shows the simulation of
granule product bulk density evolution with time. Figure 4.10 shows the evolution of tablet
hardness and tablet weight with time. This implementation of the mechanistic integrated model is
intended to demonstrate that the surrogate model, once developed, is an effective replacement of
the computationally expensive DEM simulations, and can be used in the development of a fully
mechanistic flowsheet model for the continuous manufacturing line. Without the development of
the surrogate model, such an inclusion into flowsheet modeling cannot be attained, thus limiting
the utilization of full potential of mechanistic and multiscale modeling frameworks.
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Figure 4.9 Profile of milled granule bulk density evolution with time from SM-PBM framework

Figure 4.10 Profiles tablet hardness (left axis) and tablet weight (right axis) evolution with time
from SM-PBM framework
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4.4 Comparison between kriging and ANN surrogate models
The performance of Kriging and ANN surrogate models for predicting PSDs, dynamic holdup
profiles are shown to be comparable, as discussed in Sections 4.3.1 and 4.3.2. However, it is worth
comparing different surrogate modeling approaches in terms of aspects related to model building
and implementation. For instance, unlike a Kriging model, training a neural network model has
randomness associated with it that arises from random division of the dataset into training and
validation sets. In this work, a fixed random seed generator is used for reproducibility of results.
However, several methods [172-174] are available in neural networks literature to handle the
randomness, which introduces additional steps in building an ANN model. Another notable
difference between the modeling approaches is that Kriging is an interpolation method i.e., model
prediction error is zero at the design points whereas the ANN model predictor may have an error
at design points. This may lead to superior performance of Kriging model at design points.
However, this is not a reflection of the model performance at other sample sites. In addition, a
Kriging model provides an estimate of variance of prediction. This is a useful property as variance
estimator helps identify additional sample points that need to be added for the purpose of
improvement in accuracy of model prediction [175]. A Kriging model has lower number of model
parameters when compared to an ANN model [176]. The higher number of model parameters in an
ANN model are associated with weights and biases associated with every neuron connection. This
is also reflected in relatively higher training time required for an ANN model when compared to a
Kriging model. In terms of integration into gPROMSTM environment, both modeling approaches
can be easily implemented.
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4.5 Summary
In this work, a SM-PBM framework is proposed that replaces a computationally expensive DEMPBM framework. The framework is implemented for a comilling system. Through this work, the
methodology is shown to be applicable for complex processes that involve particle breakage. The
application is all the more useful for such processes as the DEM simulations for a breakage process
takes much longer than for a process that does not involve particle size change such as feeding,
blending etc. The methodology is implemented for case studies involving feed flowrates and
impeller speeds as the processing variable, since a change in either may be relevant in a
pharmaceutical manufacturing process. The SM-PBM methodology is also shown to predict bulk
properties such as particle size distributions and dynamic hold up. The bulk property predictions
from the DEM-PBM approach is also compared to predictions from a model that is based on a
constant kernel value that is independent of particle size or process time. The comparison shows
the significance of considering dynamic change in breakage kernel to accurately model dynamic
hold up evolution or particle size distribution. The surrogate modeling approach makes the
inclusion of particle scale dynamics in unit operation modeling as well as integrated process
modeling viable. The SM-PBM framework is implemented in an integrated mill and tablet press
model that aids in simulation of dynamic bulk density and tablet properties such as hardness and
weight. The implementation of the framework in the integrated model illustrates how multiscale
frameworks using surrogate modeling methodologies can support development of a mechanistic
flowsheet model.
The surrogate models not only efficiently represent the mechanistic data obtained from DEM
simulations, but also eliminate the need to run the DEM simulation at a new processing condition.
The improvement in computational expense is drastic as a DEM simulation takes days to run
whereas the developed surrogate model takes few seconds. It is worth noting that the computational
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expense needed to build the surrogate models is high, particularly because the DEM simulations
include particle breakage. However, advances in the area of parallel computing is expected to
release limitations on computational complexity to some extent [177].
The framework also aligns with QbD approach recommended by FDA as the effect of processing
conditions, material properties are better captured into process modeling through inclusion of
particle level information. The framework addresses issues with computational limitations and aids
in the effort to utilize advanced modeling techniques for practical applications such as flowsheet
modeling and prediction, sensitivity analysis, optimization and model predictive control.
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Chapter 5
Hybrid model development for prediction of milled granule
quality attributes
5.1 Background
Granule breakage in the comill occurs through weakening of pore structures within the agglomerate
through stresses from a rotating impeller and collisions with equipment walls. The smaller sized
granules thus obtained are discharged through a screen. The size distribution of the resulting
granules is a CQA as it impacts the flow behavior and downstream product attributes. Non uniform
flow of granules into a tablet press die could result in weight variability of the tablets. More
significantly, the content uniformity of tablets is impacted which results in inconsistent drug
dissolution profiles, an indicator of the drug bioavailability. In addition, the strength of tablet
obtained from compaction is also impacted [178]. Literature published in the area of comminution
focusses on predicting milled particle size distribution [40, 41, 43, 44]. Mentions of prediction of
other CQAs such as bulk density, tapped density, friability etc., of the milled product are limited.
It is important to note that these CQAs have an impact on the compaction behavior of granules and
thus their effect on CQAs should be predicted.
In the current work, a hybrid modeling approach to predict particle size distribution and bulk
density, tapped density, friability of the milled product is presented. Milled product particle size
distribution is predicted through development of a population balance model. Prediction of other
CQAs such as bulk density, tapped density and friability is pursued by using a Partial Least Squares
(PLS) modeling approach which uses the milled product particle size distribution as one of the
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input variables. The approach presented is also calibrated and validated using experimental data
generated from milling pharmaceutical material. The specific objectives of this work are:
•

Analyze the effect of the influence of process parameters on milled product properties.

•

Develop a PBM that predicts milled product particle size distribution as well as milling
dynamics.

•

Develop a PLS model that predicts milled product CQAs such as bulk density, tapped density
and friability.

•

Calibrate and validate the PBM as well as PLS models, present statistical significance of
model parameters, where applicable.

•

Present a comprehensive modeling approach for the milling process that aids in flowsheet
modeling.

5.2 Experiments
The model formulation consisted of two Active pharmaceutical ingredients (APIs) and Maize
starch, powdered cellulose, pregelatinised starch, sodium starch glycolate as excipients. The
formulation was processed using demineralized water as granulation liquid.

5.2.1

Design of Experiments

The study has been conducted using the ConsiGma™ system (GEA Pharma systems, Collette,
Wommelgem, Belgium), which is an oral solid dosage manufacturing line based on continuous wet
granulation. This study involved three consecutive unit operations of the continuous system: the
twin-screw granulator, fluid-bed dryer and Granule Conditioning Unit (GCU). The twin-screw
granulator consists of two 25 mm diameter co-rotating screws with a length-to-diameter ratio of
20:1. The powder premix enters the granulator barrel using a gravimetric twin-screw loss-in-weight
feeder (KT20, K-Tron Soder, Niederlenz, Switzerland). In a next step, the powder premix is moved
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forward using conveying elements. In this conveying compartment, prior to the first kneading
compartment, granulation liquid is gravimetrically dosed into the screw chamber using two
peristaltic pumps (Watson Marlow, Cornwall, UK) operating out of phase with silicon tubing
(internal and external diameter of 1.6 and 4.8 mm, respectively) connected to 1.6 mm nozzles. The
addition of granulation liquid takes place by injecting the liquid through two liquid feed ports
located on the central top of each screw. The fixed screw configuration used in this study was
composed of 2 kneading zones each consisting of 4 kneading elements (L=D/4 for each kneading
element), staggered at an angle of 60 degrees. Both kneading zones were separated by a conveying
element (L=1.5D). An extra conveying element (L=1.5D) was implemented after the second
kneading block together with 2 narrow kneading elements (L=D/6 for each kneading element) in
order to reduce the amount of oversized agglomerates.
In a next step, the produced wet granules are pneumatically transferred by means of a wet transfer
line to the six-segmented fluid-bed dryer. This semi-continuous module uses a drying chamber
which is divided in 6 identical cells, which are sequentially filled and discharged, hereby ensuring
a continuous flow of incoming wet granules and exiting dried granules. After drying, the granules
are pneumatically transported to the Granule Conditioning Unit (GCU). This module consists of a
product control hopper (PCH) where the dried granules are collected. In a next step, the granulate
material is gradually discharged to a conical mill using a metering valve, which ensures a consistent
material flow. In this study, the conical mill is a U10 Quadro® Comil (Quadro, Ontario, Canada)
which is equipped with a grater style screen and a square bar impeller. The diameter of the screen
holes is 1016 μm. After the milling step, the resulting product is assembled in a buffer reservoir
where it is released for the next process step.
An adequate Population Balance model calibration requires a thorough understanding of how
granules with different characteristics behave during the milling operation. This is only possible by
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intensively collecting experimental data, which captures the influence of input material properties
and process variables during the milling process. De Leersnyder, Vanhoorne [179] have
demonstrated that granules may undergo a significant amount of breakage during fluid-bed drying.
This makes it difficult to investigate the impact of the milling process upon breakage of the
incoming granules. For this reason, this study uses oven-dried granules (collected after the twinscrew granulator) as well, since this material is assumed to undergo stronger breakage events during
milling, allowing to study the underlying mill phenomena more precisely. Furthermore, the
experimental part of this study takes into account several input material properties (granule size,
granule strength and residual moisture content) and process settings (impeller speed) (see Table
5.1)
The first part of the experiments focuses on granules collected after twin-screw granulation and
oven-dried (24h, 40 deg C) (experiments A-C in Table 5.1). To investigate the impact of incoming
granule strength, granules were produced at three different liquid-to-solid (L/S) ratios. By
increasing the L/S ratio, the amount of liquid bridges formed between solid particles grows, which
results in stronger granules. Furthermore, to assess the effect of incoming granule size, granules
were sieved in three different size classes (>2000, 1000-2000 and <1000 μm) using a Retsch VE
1000 sieve shaker (Haan, Germany) and fed separately on top of the mill. The second part of the
experiments includes granules subjected to fluid-bed drying (experiments D-H in Table 5.1 Here,
the impact of drying time (hence, residual moisture) upon granule breakage is examined. Lastly,
granules are collected at the outlet of the twin-screw granulator and tray-dried at room temperature
for two specific durations of time (i.e. 4h and 24h) with the goal of achieving two distinct moisture
levels, which are within the processable range of milling (experiments I in Table 5.1).
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Table 5.1 Overview of different milling experiments conducted in this study

5.2.2

Test Methods

The granule size is measured via dynamic image analysis using a QICPIC particle size analyzer
with WINDOX 5.4.1.0 software (Sympatec, GmbH, Clausthal-Zellerfeld, Germany). The resulting
volumetric granule size distributions were calculated using the default M7 non-ISO size fractions.
Bulk density was determined by measuring the bulk volume of 50 g sample in a 250 mL graduated
cylinder. In addition, the tapped volume after 500 taps was measured for the granule samples, using
a tapping machine (J. Englesman, Ludwigshafen, Germany).
A portion of granules (with mass >10 g) is sieved at 150 μm and the fraction smaller than 150 μm
is removed. 10 g is weighted from the fraction >150 μm (𝐼𝑊𝑇 ) and combined with 200 glass beads
(diameter 4 mm) in a plastic drum of the friabilator (Pharmatest PTF E,Hainburg, Germany). This
drum spins with a speed of 25 rpm for a duration of 10 minutes. After 10 minutes, content of the
drum is sieved at 150 μm. The residual granules with size >150 μm are weighted (𝐹𝑊𝑇 ). Friability
(F) was calculated using Equation 5.1.
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5.1

The residual moisture content within the granule samples was measured via Loss On Drying (LOD)
using a moisture analyzer (Mettler LP16, Mettler-Toledo, Zaventem, Belgium) which includes an
infrared dryer and a balance. A sample of 1 g was dried at 105 deg C until the weight was constant
for 30 seconds.

5.3 Modeling methods
5.3.1

Population balance model

A population balance model (PBM) is implemented to track the change in mass of particles of
various sizes over time as shown in Equation 6.1. 𝑀(𝑤, 𝑡) represents the mass of particles of
volume w at time 𝑡, 𝑅𝑓𝑜𝑟𝑚 and 𝑅𝑑𝑒𝑝 represent the rates of formation and depletion of particles
respectively. 𝑀̇𝑖𝑛 and 𝑀̇𝑜𝑢𝑡 are the mass flow rates of particles entering and exiting the mill
respectively. Several techniques are published in the literature to solve the PBM equation [180182]. In this work, the cell average technique using discretization scheme as proposed by
Chaudhury, Kapadia [183] and applied by Barrasso, Oka [44] is used to obtain the numerical
solution to the set of equations in the PBM. The discretization scheme used is the same as the
particle size bins used in the Qicpic analysis as described in Section 5.2.2.

5.2

In this work, the comill unit used for collecting experimental data received feed from a hopper
intermittently using an on-off valve. The PSD or the flow rate of the feed to the comill from the
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hopper is unknown due to limitations in collecting this information. Hence, the hopper and the
comill are considered as a single unit for the purpose of simulating the milling process. This
assumption is equivalent to assuming the process is operating in a batch configuration. Hence,
𝑀̇𝑖𝑛 in the PBM Equation 6.1.
The formation and depletion of particles occur in the comill due to the breakage process. The rate
of formation 𝑅𝑓𝑜𝑟𝑚 and the rate of depletion 𝑅𝑑𝑒𝑝 is formulated in the model as given in Equations
5.3 and 5.4 respectively, using a breakage kernel and a breakage distribution function.

5.3

5.4

The breakage kernel 𝐾(𝑤) is used to represent the probability that a particle of volume 𝑤 undergoes
breakage. In this work, a classification kernel as given in Equation 5.5 is used. Here, 𝑣𝑖𝑚𝑝 is the
impeller speed, 𝑣𝑖𝑚𝑝,𝑚𝑖𝑛 is the minimum impeller speed and the parameter 𝛽 is estimated from
experimental data. The kernel is formulated based on theory published by Vogel and Peukert [184]
i.e., a particle breaks only if the energy lost by it from collisions is greater than a certain ‘Threshold
energy’, which is a material specific property dependent on particle size. A smaller particle needs
higher energy to break compared to a larger particle. In this kernel, particles below a certain size
are not considered to break as the energy imparted by the impeller is considered insufficient.
Another plausible theory is that small size particles exit the mill, and hence do not undergo
breakage. The size limit below which the breakage kernel is assumed to be zero is obtained using
a heuristic approach during calibration of the model. Particle size corresponding to the 24th bin (797
μm) in the discretization scheme was determined as the size limit in this work i.e., if the size of a
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particle is less than 797 μm, the particle is assumed to remain unbroken. A similar classification
kernel was also used by Reynolds [43]. However, Reynolds [43] considered the kernel value below
a size limit as a constant and the effect of particle size was not considered.

5.5

The breakage distribution function 𝑏(𝑢, 𝑤) represents the distribution of daughter particles formed
when a particle of volume 𝑤 undergoes breakage. Several breakage functions have been used to
model milling process [109, 185]. In this work, a pragmatic approach was employed to determine
the choice of breakage distribution function. Feed granules were sieved and granules of size >2000
μm were separated and milled. Since all the granules in this fraction are greater than the screen size
used i.e., 1016 μm, the breakage of particles is assumed to be the dominant phenomenon affecting
the milled product PSD, when compared to the effect of particles exiting the mill. The resulting
milled product particle size distribution was fit to a PBM formulated from various breakage
distribution functions to determine the choice that best fits the experimental data. In this work, an
attempt was made to fit a log-normal [44], a uniform distribution, Hill-Ng distribution [186] and a
combination of these distributions. The Hill-Ng distribution function was observed to fit the
experimental data better than the other distribution functions tested. The distribution function
𝑏(𝑤, 𝑢) is given in Equation 5.6 where, 𝑤 is the parent particle volume, 𝑢 is the daughter particle
volume and the parameters 𝑝, 𝑞 are calibrated from experimental data. The parameters 𝑝 and 𝑞 also
provide a fundamental understanding of the breakage process. The parameter 𝑝 is the number of
daughter fragments formed and the parameter 𝑞 represents the fragment size dependence. A large
value of 𝑞 indicates fragmentation, whereas a small value of q indicates chipping or erosion
mechanism. 𝐵(𝑞, 𝑟) refers to beta function with 𝑞 and 𝑟 as the arguments where 𝑟 = 𝑞(𝑝 − 1).
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5.6

The mass flowrate out of the mil 𝑀̇𝑜𝑢𝑡 (𝑤, 𝑡) is formulated using a screen model as given in
Equation 5.7. The feed particle size distribution entering the mill is denoted by 𝑑𝑖𝑛 . A parameter
Δ = 𝑑𝑠𝑐𝑟𝑒𝑒𝑛 ∗ 𝛿 is used, where 𝛿 is referred to as critical screen size ratio and 𝑑𝑠𝑐𝑟𝑒𝑒𝑛 is the screen
size. The critical screen size ratio reflects the size limit below which the particle exits the mill
instantaneously. If the size of a particle is greater than the screen size, the particle does not exit the
mill. A linear model as given in Equation 5.8 is used to determine the flowrate of particles of various
sizes exiting the mill. It is worth noting that the linear model considers the size of a particle relative
to the lower and upper size limits of the particle size bins defined to discretize the PBM. This is an
update to a linear model used in Barrasso, Oka [44] where the average size of the bin 𝑥 =

𝑥𝐿𝐿 +𝑥𝑈𝐿
2

was used.

5.7

5.8

In addition, a relationship between the critical screen size ratio $\delta$ and impeller speed 𝑣𝑖𝑚𝑝
is proposed as given in Equation 5.9. The relationship is reflective of the reduced apparent screen
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size available for a particle to exit the mill as impeller speed increases. At higher impeller speeds,
the particle motion tangential to the screen leads to a reduction in apparent screen size that is
available for the particle to exit the mill.

5.9

If the size of a particle is less than Δ , it exits the mill instantaneously. If the size of a particle is
greater than the screen size, it does not exit the mill. And, if the size of a particle is within these
limits, a linear function is used to determine the flow rate out of the mill as given in Equation 5.8.
The parameters 𝛾, 𝜖, 𝛼 are estimated from experimental data. The list of all the parameters in the
PBM is tabulated in Table 5.2.
Table 5.2 List of parameters in the PBM

5.3.1.1

Parameter estimation and statistical measures

The model parameters are estimated by minimizing an objective function that is the sum of squares
of differences between the experimental and model predicted values of milled product mass
fractions for all 𝑛𝑠 particle size bins and 𝑛 impeller speeds. The objective function 𝜙(𝜃) is given
in Equation 5.10 where θ is the vector of model parameters. 𝑓𝑒𝑥𝑝𝑡,𝑖,𝑗 , 𝑓𝑠𝑖𝑚,𝑖,𝑗 are the measured and
simulated milled product mass fractions in the 𝑖 𝑡ℎ bin milled at the 𝑗 𝑡ℎ impeller speed respectively.
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Sequential quadratic programming algorithm from 'fmincon' function in MATLAB® 2017a was
used to perform the optimization.

5.10

In order to test the statistical significance of the parameters estimated, standard errors of the model
parameters are calculated from the diagonal elements of the covariance matrix obtained at the
optimal parameter set 𝜃 ∗. The covariance matrix 𝐶𝑜𝑣(𝜃 ∗) at the parameter set 𝜃 ∗ is obtained
using Equation 5.11 [187] where 𝑠 is the standard deviation and 𝐽( 𝜃 ∗) is Jacobian estimated at
the parameter set 𝜃 ∗. The standard deviation 𝑠 is calculated as given in Equation 5.11 based on
residuals, which are the differences between model predicted and measured values. The sum of
squared residuals is divided by the degrees of freedom 𝑚 − 𝑛, where 𝑚 is the number of
comparisons made between the model predictions and measured values and 𝑛 is the number of
parameters in the model. The covariance matrix also requires values of the Jacobian at the
parameter set 𝜃 ∗. Each row of the Jacobian matrix consists of partial derivatives of the residual
with respect to each model parameter. To estimate the Jacobian value, the partial derivatives are
approximated using a finite-difference scheme using a perturbation of 1e-4 as explained in Aster,
Borchers [187]. Once the standard errors for the model parameters are obtained, 95% t value is
calculated using standard errors of parameters calculated using Equation 5.11, and compared to the
reference t-value 𝑡𝑐𝑟𝑖𝑡 of 2.15. A t-value higher than the 𝑡𝑐𝑟𝑖𝑡 indicates statistical significance at
95% confidence. The corresponding confidence intervals are obtained as shown in Equation 5.11.
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5.11

5.3.2

Partial least squares model

Since the formulated PBM only predicts granule size, an empirical Partial-Least Squares (PLS)
model was constructed to connect the (predicted) particle size of the milled granules with their
corresponding measured CQAs such as friability and bulk/tapped density. Furthermore, the residual
moisture of the granulate material was included as input variable. This property is predicted by the
PBM developed for the fluid-bed dryer. The granule size and residual moisture were separated in
different blocks, allowing to calculate weights and scores for each independent block [188]. This
MultiBlock PLS (MBPLS) approach was performed using SIMCA 15 software (Umetrics,
Sartorius, Gottingen, Germany). Prior to analysis, the particle size data is weighted using mean
centering. In addition, a unit variance (UV) scaling was applied on the residual moisture data. This
model was calibrated and hence only valid for material which is representative for the integrated
continuous granulation line. This implies that only granules, which have been subjected to fluidbed drying, have been included.
To assess the model predictive performance, three external validation samples were produced,
using the process parameters found in Table 5.3. Granulation parameters were varied in such a way
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that the barrel filling ratio and hence the resulting granule density would change as much as
possible. Dryer and mill settings were fixed during validation.
Table 5.3 Overview of experiments used for the external validation of the empirical PLS models

With the PBM and PLS models described above, a comprehensive modeling framework as given
in Figure 5.1 is developed to predict milled product particle size distribution, bulk density, tapped
density and friability.

Figure 5.1 Modeling framework to predict milling product CQAs

5.4 Results and discussion
5.4.1

Experimental results

The influence of the degrees of freedom varied in the experiments on the PSD are assessed in this
section by visual analysis of the experimentally obtained PSDs. This was done through a detailed
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assessment of the change in PSD, which allowed building hypotheses on the influence of the varied
degrees of freedom. The discussion is divided based on the drying method applied prior to milling.
5.4.1.1

Oven-dried granules

When other degrees of freedom were kept constant, the difference in milled product PSD by varying
impeller speed was small, yet a consistent shift of the PSD to the smaller size range is obtained
when augmenting the impeller speed. This trend is consistent over the different input granule
properties that were applied. This is visible for the oven-dried granules in Figure 5.2.
A larger extent of breakage was found for the granules with the highest friability value (A in Table
5.1, whereas for the other friability levels the PSDs behaved more similar (Figure 5.2).
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Figure 5.2 Particle size distributions of material prior to and after milling at different impeller
speeds for oven-dried granules with, prior to milling, a friability of a) 19.19% b) 9.90% and c)
4.00%
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The observations of applying separate sieve fractions of oven-dried granules to the comill are
shown in Figure 5.3 and described below.
•

Granules that are larger than the screen aperture are almost entirely held up in the mill. It
can be observed that a small fraction of the milled granules is larger than 1000 μm. These
are thought to be needle shaped, their mill passing depending on their orientation when
facing the mill screen.

•

Size fractions equal or slightly smaller than the screen aperture underwent ambiguous
passing. A certain amount of granules of size 1000 μm is still present in the milled product.

•

Size fractions significantly smaller than the screen aperture pass through the mill
unmodified. The hypothesis is that the increase in the smaller size range in the milled
product results only from breakage of granules with a size approaching the screen aperture
size.

Figure 5.3 Particle size distributions of material prior to and after milling at different impeller
speeds, for oven-dried granules with a friability of 9.90% on the first row (1) and 4.00% on the
second row (2), classified in size fractions prior to milling of < 1000 μm (a), 1000-2000 μm (b) and
>2000 μm (c).
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Finally, in the literature it has been found that breakage of larger particles can result in more fines
[39, 40]. This could not be verified in the experiments, as the applied size fractions 1000-2000 μm
and > 2000 μm result in similar distributions when milled, with only a small shift to the smaller
size range noticeable Figure 5.3.
5.4.1.2

Fluid bed dried granules

Residual moisture content is a significant factor regarding the milling process. In the event that the
granules contain too high a moisture level, `smearing' of the screen will occur in the milling unit,
and will cause several process issues. This maximally processable moisture content was chosen
based on in-house expertise as 6.5 wt%. In the experiments detailed in this work, the residual
moisture content was kept sufficiently low and no smearing was observed.
For the granules that were dried using the in-line fluid bed dryer, the drying time was varied
according to experiments D-F in Table 5.1. As the drying time decreased, slightly more fines were
generated, yet the PSDs were all very close to each other (Figure 5.4). This can be explained by the
larger amount of solid bonds that are formed by crystallization of solubilized material during drying
[179].
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Figure 5.4 Particle size distributions of material prior to and after milling at different impeller
speeds, for fluid bed dried granules after a fluid bed drying time of 400 μm (a), 600 μm (b) and 800
μm (c).
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5.4.1.3

Air-dried granules

Part of the wet granules was left to dry at room temperature for two different time periods, in order
to achieve two different residual moisture contents, 6.43% and 1.41% (respectively G and H in
Table 5.1). A similar trend as in the case of fluid-bed-dried granules is noticeable, namely that there
are slightly more fines generated when milling granules with a higher moisture content Figure 5.5).
This is visible when milling at an impeller speed of 500 rpm, yet at an impeller speed of 1500 rpm
the resulting PSDs are overlapping. This could be explained by the larger impact imposed on the
granules at higher impeller speeds, which is enough to break an equal amount of bonds in the
granules regardless of their difference in strength after drying (see Section 5.4.1.2).

Figure 5.5 Particle size distributions of material after milling at different impeller speeds, for air
dried granules with an RMC of 6.43% (a) and 1.41% (b).
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Overall, impeller speed has the most influence on the milled product PSD, as the effect is clearly
perceivable in the experiments conducted with all applied drying methods. Varying input granule
friability and residual moisture content also show consistent changes in milled product PSD.
However, in the former only the highest level of friability showed a very different product PSD
from the other levels. Therefore this variable could not be quantitatively taken into account in the
PBM calibration. In the case of residual moisture content, the differences are also too small to be
taken into account for calibration of the PBM formulated in this study. A final observation was that
the difference in milled PSDs was the smallest for the fluid bed dried granules, because of the low
amount of oversized granules left after breakage through transport to and from the fluid bed dryer
in the horizontal ConsiGma™-25 configuration [179].

5.4.2

PBM calibration and validation

The population balance model described in Section 5.3.1 is calibrated to estimate model
parameters. The experimental data from milling air dried granules are used to estimate the model
parameters. Granules produced from wet granulation process are air dried for two drying times
producing two granule feeds with residual moisture contents (RMC) 6.4% and 1.4% (Experiment
IDs G and H from Table 5.1). 1 kg of granule feeds are milled at three impeller speeds 500, 1000
and 1500 rpm. The PSD of the total milled product collected is used to calibrate the model and
estimate parameters. The purpose of this exercise is to check if
•

the model can successfully predict milled product particle size distribution

•

the effect of impeller speed is reflected in the model predicted milled product particle size
distribution

For this set of experiments, the dynamics of the process are not captured, i.e. the time taken for a
fixed granule feed of 1 kg to mill, hereafter referred to as milling time, is not of interest. Since the
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goal is to predict milled product PSD only, the breakage kernel parameter 𝛽 is not estimated. An
arbitrary high constant value of 𝛽 = 2 𝑠 −1 is considered to simulate fast exit of granules from the
mill.
The model parameters 𝑝, 𝑞, 𝛾, 𝜖 𝑎𝑛𝑑 𝛼 are estimated using the objective function as given in
Equation 5.10 and explained in Section 5.3.1.1. The list of model parameters estimated is tabulated
in Table 5.4. Value of parameters 𝑝 and 𝑞 indicate an erosion or chipping mechanism being the
dominant breakage process. Comparisons of predicted and experimental particle size distributions
for milled granules from RMC 1.4% (Experiment ID H) processed at 500, 1000 and 1500 rpm are
shown in Figure 5.6. Similar comparison for milled granules obtained from RMC 6.4% feed
(Experiment ID G) are shown in Figure 5.7. In addition to particle size distributions, comparisons
between experimental and simulated d10, d50 and d90 are shown in Figure 5.8. To quantify the
success of prediction of the distribution percentiles d10, d50 and d90, 𝑅 2 value for fit between
simulated and measured values are calculated to be 0.9976 and 0.9901 for RMC 1.4% and 6.4%
feeds respectively.
Table 5.4 List of estimated parameter values in PBM using experimental data from RMC 1.4% and
6.4% granule feed, Experiment IDs G and H
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The comparisons discussed reflect that the model formulated and described in Section 5.3.1 can
successfully predict milled product particle size distributions, the distribution percentiles as well as
capture the effect of impeller speed. In order to predict milling dynamics, another set of milling
experiments are conducted at various impeller speeds, 300, 500, 700, 900, 1300 and 1500 rpm
(Experiment ID I from Table 5.1). For this set of experiments, the milled product PSD as well as
milling times were measured. Since the experiments were conducted at a range of impeller speeds,
validation of the model is also done. In addition, the model parameter 𝛽 is estimated as well. The
statistical significance of all the estimated parameters is reported as explained is Section 5.3.1.1
and discussed. The parameter 𝜖 is considered as 1. From Equation 5.9 it is evident that the critical
screen size ratio δ becomes equal to 𝜖 at the minimum impeller speed 𝑣𝑖𝑚𝑝,𝑚𝑖𝑛 . At 300 rpm, the
critical screen size is assumed to be equal to the screen size used i.e., 𝜖 = 1. An independent
calibration using data from 300 rpm only yields 𝜖 = 1 as well. This is also a pragmatic approach
to reduce the number of parameters to be estimated.
The objective function used to estimate the model parameters have the milling times also included
in order to effectively estimate the kernel parameter. fmincon function in MATLAB® 2017a was
used to perform the calibration using 300, 500, 700, 1300, 1500 rpm. 900 rpm is used as an
independent check for validation purpose (Experiment ID I from Table 5.1). The list of parameters
obtained from the calibration exercise is tabulated in Table 5.5. For brevity, comparison of
measured and predicted distribution percentiles d10, d50 and d90 is shown in Figure 5.9. 𝑅 2 value
of this fit is calculated as 0.9787. A comparison of measured and predicted milling times is also
plotted in Figure 5.10. The 𝑅 2 value calculated for this fit is 0.7633. It is evident that the simulated
values agree well with measured values at impeller speeds used for calibration as well as validation.
For the model parameters estimated, t-values and their corresponding confidence intervals are listed
in Table 5.5. All the model parameters 𝑝, 𝑞, 𝛾, 𝛼 except 𝛽 show statistical significance. The
parameter 𝛽 effects the dynamics of the milling process. It is important to note that the model
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structure is assumed as a batch process due to limitations in collecting data on the interaction
between feed hopper and the comill. More information on the nature of feed variation with time
might improve the model structure containing parameters that can all be estimated with statistical
significance. With the assumptions considered, the current model structure is successful in
predicting product PSD as well as milling times.

Figure 5.6 Comparison of predicted and experimental milled product PSD at (a) 500 rpm, (b) 1000
rpm and (c) 1500 rpm, granule feed RMC 1.4%
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Figure 5.7 Comparison of predicted and experimental milled product PSD at (a) 500 rpm, (b) 1000
rpm and (c) 1500 rpm, granule feed RMC 6.4%
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(a)

(b)
Figure 5.8 Comparison of predicted and measured D10, D50 and D90 of milled product at various
impeller speeds (a) Feed RMC 1.4% (b) Feed RMC 6.4%
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Figure 5.9 Comparison of predicted and measured D10, D50 and D90 of milled product at various
impeller speeds. Red color refers to validation impeller speed of 900 rpm

Figure 5.10 Comparison of predicted and measured milling times at various impeller speeds. Red
color refers to validation impeller speed of 900 rpm
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Table 5.5 Statistical significance of parameters estimated in the PBM, using data from
Experiment ID I

The combination of PBM and PLS models can be used to predict the required CQAs. The bulk
properties are important in modeling the tablet press unit operation as the densities are required to
simulate pre-compression and main compression forces in the tablet press, as well as tablet hardness
[84]. The proposed modeling framework thus enables the development of continuous process
modeling by connecting the dryer, mill and tablet press operations. The modeling framework
developed is generic. However, it is important to note that the model parameters need to be
estimated and re-evaluated when changing the drug formulation or the design variables.

5.5 Summary
The comilling process is investigated thoroughly to understand the effect of the feed granule
strength, feed granule size, moisture content on the milled product. Granules with low strength
yielded bimodality in the milled product whereas stronger granules yielded unimodal milled
product distribution. Effect of feed granule size is studied through separately milling portions of
the feed. Smaller sized granules passed through the screen unmodified whereas granules larger than
screen size are almost entirely held up. In addition, the effect of method of granule drying is studied.
To fully simulate the effect of mill operating parameters, experiments from air dried granules are
used to calibrate and validate the mill model. A population balance modeling (PBM) approach is
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employed to predict the mill dynamics and the milled product particle size distribution. The PBM
is formulated using six parameters. Five out of six parameters are estimated with statistical
significance and metrics for the same are presented. The model successfully predicts milled product
particle size distribution as well as the milling time. Partial least squares (PLS) modeling approach
is applied to predict other CQAs such as bulk density, tapped density and friability. The PLS model
takes moisture content of the feed and particle size distribution of the milled product as the input
and successfully predicts the product bulk density, tapped density and friability. There is a need to
predict these CQAs as the bulk properties effect flowability, segregation and tabletability of
granules in the downstream tablet press compaction process. Thus, a comprehensive modeling
approach using PBM and PLS models that predicts all the required CQAs aids in building flowsheet
models.
In future, the model parameters can be estimated for various granulation and drying conditions and
the dependence of the model parameters on these variables can be studied. In addition to granule
and drying conditions, the effect of powder properties can be investigated. This has the potential to
develop a generic and advanced modeling framework that predicts milled granules properties based
on the formulation, granulation and drying conditions. Another avenue to explore is the use of
mechanistic models that incorporate material properties in the modeling framework. Overall, the
QbD approach in continuous manufacturing is advancing through the use of a model based
approach in place of a trial and error based approach for predicting and thus providing a path to
control the quality of the end product.
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Chapter 6
Integrated model development and analysis of wet granulation
continuous pharmaceutical tablet manufacturing process
6.1 Background
Flowsheet models are approximate mathematical representations of the manufacturing line. The
incentives for flowsheet model development for the pharmaceutical industry have been described
in the paper of Escotet-Espinoza, Singh [16]. Gernaey, Cervera-Padrell [189] also wrote
extensively on the value of Process Systems Engineering for pharmaceutical process development,
in which flowsheet models contribute to combine knowledge and models of different unit
operations and different scales for a holistic understanding of the process. These boil down to the
in-silico achievement of process design and optimization, control system design and optimization,
and an accurate risk assessment tool that could be used for regulatory instances. The first step in
attaining these benefits is by the development of a flowsheet model that captures the relevant
mechanisms for assessing the desired product properties as a function of process settings and
material properties. This foundation built in this work, comprised of several diverse unit operation
models that capture critical mechanisms, as a function of the process inputs.
The flowsheet model simulation enables the assessment of unit operation outputs downstream in
the process. This has the advantage that, instead of application of the unit operation models
separately for model-based research, the flowsheet model allows for targeted optimization of unit
operation performance as a part of the entire line. In terms of the QbD paradigm, a flowsheet model
allows for investigating the influence of CPP in one unit to the CQA of material downstream in the
process line. Namely, through the flowsheet model development, process phenomena are directly
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linked to the final product quality downstream. Moreover, analysis of the developed model allows
assessment of criticality of the various CPP of the process, and subsequently research effort can be
targeted towards those most critical areas.
In this work, composing the integrated system requires extensive synchronization of the unit
operation models themselves, as these need to run seamlessly in one simulation, regardless of the
different time scales, variable magnitudes, or stiffness of the various models. Population balance
models for example, require specific solution methods, and these need to run at par with other less
computationally demanding models. This work therefore captures the research into the
simultaneous simulation of these diverse models. In addition, process dynamics are included into
the flowsheet model. This allows tracing the material properties throughout the entire line. This
feature is included as the foundation of applying the model to assess the propagation of process
disturbances, with respect to the product quality, i.e. which products needs to be discarded, or how
fast can the process recover and return to a position where product CQA properties are within
specification limits.
Previous work on the development of flowsheet models are restricted to direct compaction [12-14,
89] and dry granulation routes [15, 81] for continuous solid oral dosage manufacturing. Park,
Galbraith [15] created a flowsheet model of continuous dry granulation and applied it for
optimization. Boukouvala, Niotis [81] developed a flowsheet model for the wet granulation route.
This model served as a proof-of-concept and with no connection to specific experimental data.
Boukouvala, Chaudhury [90] also investigated a methodology for optimization of computationally
expensive flowsheet models. Rogers and Ierapetritou [110] showed a flowsheet modeling case with
hybrid models incorporating information from both detailed and reduced-order models.
The work presented in this manuscript includes models systematically developed based on
experiments on units in the ConsiGma™ -25 line for continuous tablet manufacturing using the
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same formulation and relevant materials across all the units. Specifically, the units involved are
feeders, blender, twin screw granulator, fluidized bed dryer, comill and tablet press. Models for
these processes are developed [164, 190-193] and included. Besides these, models for intermediate
feeding and blending operations are also included. Transfer lines that lead to material holdup in
between the units are added to the flowsheet model as well.
The specific objectives of this work are:
•

Develop a flowsheet model approximating the ConsiGma™-25 wet granulation
manufacturing line

•

Demonstrate the use of the flowsheet model for simulating effects of disturbances in the
continuous process

•

Identify CPPs affecting the properties of intermediate and final product

Section 6.2.1 details various models used to build the flowsheet model. To enunciate how the
flowsheet model can be used for propagation of information and disturbances across the units, a
detailed discussion is provided in Section 6.3 along with supporting case studies in Section 6.4. In
addition to building the flowsheet model, a detailed analysis of the developed model is provided.
The scenario analysis, explained in Section 6.2.2 and 6.5, serves to ensure that the flowsheet model
which is a complex set of equations from various modeling approaches, runs successfully at several
values of process variables and the process responses thus obtained are aligned with process
knowledge. Following this, CPP that affect product quality are identified through implementation
of sensitivity analysis as explained in Sections 6.2.3 and 6.6.

6.2 Model development and analysis
The model formulation consisted of two API, a lubricant and four excipients. Hereafter, the two
APIs and the four excipients are referred to as API 1, API 2 and Excipient A, B, C and D
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respectively. The formulation was processed using demineralized water as granulation liquid. The
formulation used in this work is given in Table 6.1.
Table 6.1 Formulation used for model development

6.2.1

Flowsheet Modeling

Since flowsheet models are approximate representations of the integrated manufacturing line,
developing individual unit operation models aid in the development of a flowsheet model. In this
work, the models developed are based on experiments conducted using the ConsiGma™-25 system
(GEA Pharma systems, Collette, Wommelgem, Belgium), which is an oral solid dosage
manufacturing line based on continuous wet granulation. In Section 6.2.1.1 to 6.2.1.8, the
individual unit models used in this work are briefly described. Figure 6.1 pictorially shows transfer
of information across the unit operations i.e., feeder, blender, granulator, dryer, mill and tablet
press, in that order. Further, intermediate units are added and relevant information is transferred.
These models are implemented in the software gPROMS FormulatedProducts v1.2.1 (PSE,
London). It is a platform for flowsheet simulations that uses an equation-oriented approach. An
overview on the equation-oriented techniques particular to the gPROMS platform is given in
Pantelides, Nauta [194]
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Figure 6.1 Schematic showing transfer of information between units required for flowsheet model
development
6.2.1.1

Feeder

Loss-in-weight (LIW) feeders are used to feed the required powder components in the continuous
manufacturing line. The feeder used in this work has a hopper and a conveying unit, a refill unit,
and a PID controller. The hopper is used as a receptacle for the raw materials whereas the conveying
system has a rotating screw that is used to move the material out of the feeder. The refill unit is
used to feed material into the hopper when the fractional fill level in the hopper drops below a
setpoint value. The PID controller enables the feeder to run in gravimetric mode i.e., the screw
speed in the conveying unit is adjusted to maintain a constant mass flow rate out of the unit. The
three models (refill, feeding and PID controller) work in conjunction to represent the overall
feeding operation in the continuous line.
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The mass flow rate out of the feeder is simulated using a feed factor model [12]. Feed factor is a
time-dependent property (𝑓𝑓(𝑡)), defined as maximum mass of powder fitting in a screw flight and
has the unit of mass per screw revolution. It is found to be dependent on the amount of material in
the hopper (𝑤(𝑡)) as given in Equation 6.1. The parameters 𝑓𝑓𝑚𝑎𝑥 , 𝑓𝑓𝑚𝑖𝑛 and 𝛽 are dependent on
the powder bulk density, compressibility, cohesion and permeability. More details on the feed
factor model and its dependence on material properties are published in Escotet Espinoza [195] .
The mass flow rate of the powder out of the feeder can then be obtained as given in Equation 6.2
where 𝜔(𝑡) is the screw speed that is manipulated by the PID controller.

6.1

6.2

6.2.1.2

Blender

Continuous blenders that are used to mix the powder components in the continuous line, dampen
the flow rate variations from the feeding units. The build-up of mass in the blender 𝑀(𝑡) was found
to be following a first order relationship as given in Equation 6.3, where 𝑀𝑠𝑠 is the steady state
mass holdup and 𝜏 is the time constant. From the mass holdup and flow rate of the material into the
blender 𝑀̇𝑖𝑛 , flow rate out of the unit 𝑀̇𝑜𝑢𝑡 , can be computed as given in Equation 6.4. An axial
dispersion equation [12] is used to model the mixing calculation in the blending unit as a function
of time. The equation as given in Equation 6.5 is subject to initial and boundary conditions
(Equation 6.6). The coefficients of the axial dispersion model (𝜏𝑎𝑥 and 𝑃𝑒) are calculated based on
their relationship to a CSTR-in-series model constant i.e., number of tanks 𝑛𝑡 as given in Equation
6.7. Experimental data were used to develop regression models that predict the model constants
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𝜏, 𝑛𝑡 and 𝑀𝑠𝑠 as a function of flow rate and blade speed. More details on the blender model are
available in Escotet Espinoza [195].

6.3

6.4

6.5

6.6

6.7

6.2.1.3

Twin-Screw Wet Granulator

The modeling of the change in particle size distribution of the material through granulation is
executed with the compartmental population balance model of [191]. The twin-screw granulator
model mathematically links the aggregation and breakage behavior in the granulator barrel to the
granulator process settings of mass flow rate, screw speed and liquid flow rate. It moreover
distinguishes two compartments in the barrel: the wetting zone (i.e. the zone where the liquid is
added to the dry powder blend) where only aggregation occurs, followed by the kneading zone (i.e.
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kneading elements are present in the screws) with different aggregation behavior complimented
with breakage. Each compartment is thus modeled by its own population balance model.
The PBM equation is given in Equation 6.8. The change in number of particles 𝑛 of a certain size
𝑥 over time 𝑡 is thereby described based on aggregation kernel 𝛽(𝑡, 𝑥, 𝜖), breakage selection
function 𝑆(𝜖) and breakage fragment distribution 𝑏(𝑥, 𝜀). The aggregation kernel 𝛽(𝑡, 𝑥, 𝜖) can
be modeled as the product of aggregation efficiency 𝛽0 with collision frequency 𝛽(𝑥 , 𝜖), as the
relation is in this case independent of time 𝑡.
The formula of the collision frequency in the first PBM, describing the wetting zone, is given in
Equation 6.9. It comprises a two-dimensional stepping function and a product kernel in order to
reach bimodal granule particle size distributions starting from a monomodal powder particle size
distribution. Kernel parameters 𝛽0 , 𝑅1 , 𝑅2 , 𝑡𝑜𝑝1 , 𝑡𝑜𝑝2 , 𝛿1 and 𝛿2 are needed to achieve this
mathematical connection [191].

6.8

6.9

The breakage in the kneading zone is modeled by a linear breakage selection function:
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6.10

and a breakage fragment distribution 𝑏(𝑥, 𝜀) describing a combination of erosion and uniform
breakage:

6.11

with 𝜀 the volume of the breaking particle, 𝑥 the volume of the fragment, 𝑆0 the breakage rate
constant, 𝜎 and 𝜇 respectively the standard deviation and mean of the Gaussian distribution
representing the size distribution of the small eroded particles and 𝑓𝑝𝑟𝑖𝑚 the volume fraction of
erosion in the overall breakage (as opposed to a fraction (1 − 𝑓𝑝𝑟𝑖𝑚 ) of uniform breakage.
Aggregation in this zone could be described by a sum kernel (Equation 6.12).

6.12

Overall, kernel parameters 𝑅2 , 𝛽0 and 𝑡𝑜𝑝1 in the wetting zone and 𝛽0 , 𝑆0 , 𝑓𝑝𝑟𝑖𝑚 , 𝜇 and 𝜎 in the
kneading zone are linearly related to the process setting values in the units given in Table 6.2.
Table 6.2 Process setting ranges of validated twin-screw granulator model [191]
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6.2.1.4

Dryer

The fluidized bed dryer (FBD) model consists of prediction of granule batch drying kinetics based
on single granule drying kinetics for one dryer cell [193]. The single granule drying kinetics are
governed by Stefan diffusion of water vapor through the granule pores, from the source of
evaporation to the edge of the granule. The mass transfer rates are corrected with the equilibrium
moisture content 𝑋𝑒 . When the moisture content of the granule is larger than its pore fraction, the
remaining liquid is modeled as a layer of water of uniform thickness around the granule,
evaporating according to a droplet:

6.13

with mass transfer rate 𝑚̇𝑣 (kg/s), mass transfer coefficient ℎ𝐷 (m/s), partial vapor density over the
droplet surface 𝜌𝑣,𝑠 (kg/m3), partial vapor density in the ambient air 𝜌𝑣,∞ (kg/m3) and droplet
surface area 𝐴𝑑 (m2). The energy balance paired with this drying behavior is described by:

6.14

with specific heat of evaporation ℎ𝑓𝑔 specific heat capacity of the liquid 𝑐𝑝,𝑤 droplet mass 𝑚𝑑 ,
uniform droplet temperature 𝑇𝑑 , heat transfer coefficient ℎ, drying gas temperature 𝑇𝑔 and droplet
radius 𝑅𝑑 . After this layer of water is depleted the wet granule enters the subsequent drying phase.
Herein the moisture is conceptualized as a sphere with radius 𝑅𝑖 , also referred to as the wet core,
filling up the pore volume of the granule with radius 𝑅𝑝 . The mass transfer rate 𝑚̇𝑣 in this stage is
given by:
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6.15

with 𝜖 the granule porosity (-), 𝛽 an empirical coefficient, 𝐷𝑣,𝑐𝑟 the vapor diffusion coefficient, 𝑀𝑤
the liquid molecular weight, 𝑝𝑔 the pressure of the drying air, 𝑅𝑒 the ideal gas constant, 𝑇𝑐𝑟,𝑠 and
𝑇𝑤𝑐,𝑠 respectively the temperature of solids at the granule surface and at the gas-liquid interface,
𝑝𝑣,∞ and 𝑝𝑣,𝑖 respectively the partial vapor pressure in the drying air and at the gas-liquid interface
and 𝑇𝑝,𝑠 the temperature of the particle solids. Equation 6.14 is assumed to apply for the energy
balance of the granule during this drying phase. The physical properties of the solids were assumed
to be at environment conditions of 25 deg C and atmospheric air pressure in the model, whereas
liquid properties were modeled as those of pure water. A value of 35% was assumed for the granule
porosity. Finally, the mass transfer rates 𝑚̇𝑣 are corrected with the effect of 𝑋𝑒 :

6.16

Overall this means that the course of moisture content 𝑋 of a granule amounts to:

6.17

with 𝑋̇𝑆𝑃𝐷𝑀 the change in moisture content 𝑋 over time and 𝑚𝑝 the total mass of the granule
(particle). This is solved from time t = 0 until the dryer cell drying time 𝑡 = 𝑡𝑑𝑟𝑦 .
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Connecting the single granule drying kinetics to those of the batch, along with the continuous filling
of the batch, is done according to the following simplified approach. Drying curves are calculated
for several size fractions of the granules, in which the arithmetic mean size is representative in the
𝑋𝑆𝑃𝐷𝑀 . Thus the average moisture content 𝑋̅𝑓 per size fraction 𝑓 then equals the average moisture
content of different drying curves, starting a certain time 𝜏 later over the cell filling time 𝑡𝑓𝑖𝑙𝑙 :

6.18

with 𝑛𝜏 the amount times 𝜏 that the drying curve was shifted over the cell filling time interval 𝑡𝑓𝑖𝑙𝑙 .
A constant ideal fluidization behavior, constant relative air humidity in the dryer cell and
atmospheric air properties in the drying chamber (with exception of the drying agent temperature)
were assumed in the batch approach.
The dryer model discussion so far dealt with the drying behavior of the material, other material
properties are directly governed by the dynamic output of the granulator model. For each dryer cell,
these are mass-averaged over the drying cell filling period. This is illustrated in Equation 6.19 for
the concentration of API in the dryer cell 𝐶𝐴𝑃𝐼,𝑑𝑟𝑦𝑒𝑟 , and is calculated the same way for the material
true density, PSD} and the mass of the material in the dryer cell. They are weighted by the mass
flow rate at which they are flowing from the granulator at time 𝑡 (𝑀𝐹𝑅𝑇𝑆𝑊𝐺(𝑡)).

6.19

After drying, the breakage of the material through pneumatic transport through a tube to the
evaluation module is calculated by a PBM. As aggregation is assumed not to take place based on
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the experimental work of De Leersnyder, Vanhoorne [192], only the last two terms in the right
hand side of Equation 6.8 need to be used. The same breakage kernel as in the kneading zone of
the granulator was found to apply, i.e. breakage rate 𝑆(𝜀) from Equation 6.10 and breakage
fragment distribution 𝑏(𝑥, 𝜀) from Equation 6.11. Parameter 𝑆0 from Equation 6.10 is linearly
related to the remaining moisture content after drying.
Finally, the six cells are simulated in parallel with the filling-drying-emptying sequences according
to the operation in the actual process. A cell is idle until the predecessor cell has been filled, at
which point the current cell enters the filling stage. Hereafter, the remainder of the drying time is
completed in the drying stage, where the mass flow rate at time 𝑡 (𝑀𝐹𝑅𝑇𝑆𝑊𝐺(𝑡) ) in that cell is zero.
In the final emptying stage, the mass transfer rates in Equations 6.13 and 6.15 are set to zero, and
the change in PSD is calculated by the PBM based on the residual moisture content of the material.
These material property values are thus those perceived at the inlet of the evaluation module.
6.2.1.5

Mill

In the wet granulation continuous manufacturing route, comilling is used to break the granulated
product through collisions from a rotating impeller and walls. Granules that are broken to the
required size exit the comill through a screen. In this work, the comill model published in Metta,
Verstraeten [164] is used. Briefly, the mill model is a hybrid model that includes a PBM approach
and a PLS approach. Trajectories of change in mass of particles of various sizes over time is
predicted through the PBM as shown in Equation 6.20 where 𝑀(𝑤, 𝑡) represents the mass of
particles of volume 𝑤 at time 𝑡, 𝑅𝑓𝑜𝑟𝑚 and 𝑅𝑑𝑒𝑝 represent the rates of formation and depletion of
particles respectively. 𝑀̇𝑖𝑛 and 𝑀̇𝑜𝑢𝑡 are the mass flow rates of particles entering and exiting the
mill respectively. The rate of depletion 𝑅𝑑𝑒𝑝 is defined in the model (Equation 6.21) using a
breakage kernel 𝐾(𝑤), which represents the probability that a particle of volume 𝑤 undergoes
breakage.
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A classification kernel as given in Equation 6.22 is used in this work, where 𝑣𝑖𝑚𝑝 is the impeller
speed, 𝑣𝑖𝑚𝑝,𝑚𝑖𝑛 , is the minimum impeller speed and the parameter 𝛽 is calibrated using data from
experiments. The rate of formation 𝑅𝑓𝑜𝑟𝑚 as shown in Equation 6.23 uses the breakage kernel and
a breakage distribution function. The breakage distribution function 𝑏(𝑤, 𝑢) represents the
distribution of daughter particles formed when a particle of volume 𝑤 undergoes breakage.
The Hill-Ng distribution function given in Equation 6.24 is used in this work, where the parameters
𝑝, 𝑞 are estimated using experimental data. The mass flow rate out of the mill 𝑀̇𝑜𝑢𝑡 (𝑤, 𝑡) as given
in Equation 6.25 is modeled using the feed particle size distribution (𝑑𝑖𝑛 ) and a parameter Δ =
𝑑𝑠𝑐𝑟𝑒𝑒𝑛 𝛿, where 𝑑𝑠𝑐𝑟𝑒𝑒𝑛 is the screen size and 𝛿 is referred to as critical screen size ratio. A linear
model is used to define the function 𝑓𝑑 . The parameter 𝛿 is formulated as given in Equation 6.26
which represents the phenomenon of reduced apparent screen size available for a particle to exit
the mill as impeller speed increases.

6.20

6.21

6.22

6.23
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6.24

6.25

6.26

Impeller speed showed little effect on the milled product when the comill feed is obtained from the
fluid bed dryer because of breakage that occurs during transport to and from the fluid bed dryer in
the horizontal ConsiGma™-25 configuration. Hence, 𝑣𝑖𝑚𝑝 is considered equal to 𝑣𝑖𝑚𝑝,𝑚𝑖𝑛 in the
breakage kernel given in Equation 6.22.
The PBM is thus used to predict milled granule size distribution. The PLS model is an empirical
modeling approach used to predict the milled product bulk density and tapped density, using the
granule size distribution and moisture content as inputs. To use the mill model in the flowsheet
model, batches of material are added to the milling unit each time the FBD completes a drying
cycle and initiates an emptying cycle. When a batch of material is added to the existing material in
the mill, breakage occurs. Properties of the material exiting the mill are obtained through mass
averaging over the milling period 𝑡𝑚𝑖𝑙𝑙 . This is illustrated in Equation 6.27 for the bulk density of
milled granules and is calculated the same way for the tapped density, span and true density of the
material exiting the mill. The instantaneous bulk density 𝜌𝑏𝑢𝑙𝑘,𝑃𝐿𝑆 is obtained from the PLS model
and weighted by the total mass flow rate of material exiting the mill, 𝑀̇𝑜𝑢𝑡,𝑡𝑜𝑡𝑎𝑙 at time 𝑡.
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6.27

6.2.1.6

Tablet Press

The tablet press model consists of four submodels. Firstly, a RTD model is used to describe the
propagation of material properties through the powder dosing valve and the tablet press feed frame
into the tablet die. The other models work with the material properties modeled as present in the
die. The weight model relates material densities to the mean weight of the tablets semimechanistically (Equations 6.28 and 6.29). The tablet potency model is a first-principles model
(Equation 6.31), and the tablet mean hardness model harbors literature empirical correlations
related to tablet hardness and tensile strength (Equations 6.32 to 6.37).
Propagation of the material properties through the feed frame is modeled according to a series of a
CSTR and a plug flow RTD model, with respective delay times 𝑡𝑐𝑠𝑡𝑟 and 𝑡𝑑 related to the feed
frame turret speed. The solution of the feed frame model is performed in the same way as the
transfer line models explained in Section 6.2.1.8.
The tablet mean weight model uses the tooling dimensions (cup volume 𝑉𝑐𝑢𝑝 , die surface 𝐴𝑑𝑖𝑒 and
punch cup depth 𝐷𝑐𝑢𝑝 ), the material densities at the die (true density 𝜌𝑡𝑟𝑢𝑒 , bulk 𝜌𝑏𝑢𝑙𝑘 and tapped
𝜌𝑡𝑎𝑝𝑝𝑒𝑑 density), a fill density factor 𝑝𝜌𝑓𝑖𝑙𝑙 and the fill depth 𝑑𝑓𝑖𝑙𝑙 to calculate the mean tablet
weight 𝑚
̅, according to the following equations.

6.28
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6.29

The volume of the solids in the die 𝑉𝑠𝑜𝑙𝑖𝑑 is then:

6.30

The potency 𝑃 simply follows from the concentration 𝐶𝐴𝑃𝐼 and 𝑚
̅:

6.31

The hardness model in the end uses 𝑉𝑠𝑜𝑙𝑖𝑑 from the tablet mean weight model, the main
compression height process setting 𝑀𝐶𝐻 and the tablet dimensions (width 𝑊, thickness 𝑇 and
upper punch penetration 𝑢𝑝𝑝) to calculate the tablet hardness through estimation of the tablet
tensile strength. 𝑊 and 𝑇 are calculated according to:

6.32

6.33

resulting in a tablet volume 𝑉𝑡𝑎𝑏𝑙𝑒𝑡 and relative density 𝜌𝑟𝑒𝑙 through:

6.34
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6.35

In order to relate the experimentally obtained hardness 𝑁 values to the material properties for the
biconvex tablets, a tensile strength 𝜎𝑇 normalization needs to be applied w.r.t. the tablet dimensions
[196].

6.36

The tensile strength is linked to the critical density for tableting of the material 𝜌𝑐 , and maximum
achievable tensile strength 𝜎𝑚𝑎𝑥 [84]:

6.37

The constants of 𝜎𝑚𝑎𝑥 and 𝜌𝑐 are obtained through empirical linear correlations with the relative
size span 𝑅𝑠𝑝𝑎𝑛 of the material and the moisture content 𝑋.
Finally, two modes of using the tablet press model are defined. In the process setting mode, tablet
press process setting values (fill depth and MCH) are supplied to the model along with the material
properties. Tablet properties such as the mean weight and hardness then result from the combination
of the user defined process setting values with the incoming properties. These might however not
match and result in unrealistic tablet properties as well as infeasible calculations, such as in the case
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where Equation 6.38 is not satisfied. In this mode, this is amended by the inclusion of a boolean
variable that is only True when the input variables are such that condition Equation 6.38 is fulfilled.

6.38

Another mean weight control (MWC) mode was created to allow for the tablet press model to
calculate its process setting values in order to achieve a certain mean weight and hardness. These
two variables thus serve as an input to the model in the flowsheet model, and the fill depth and
MCH are calculated. This allows avoidance of the situation where user-specified tablet press
process settings are not compatible with the simulated material properties governed by the process
setting values upstream, possibly leading to a long simulation where no tablet weights or hardnesses
could be calculated.
6.2.1.7

Overview

Once the individual unit operation models are developed and parameterized, the flowsheet model
is built via connecting the inlet of a unit to the outlet of the preceding unit. Required information
(material properties, operating conditions etc.) are transferred from one unit to the succeeding unit
as shown in Figure 6.1. The interaction between various modeling approaches in the individual unit
operations is pictorially shown in Figure 6.2 to illustrate how empirical, semi-empirical, statistical
and mechanistic models interact to yield a flowsheet model.
The system is solved using a backward differentiation solver with variable time steps, which is one
of the two built-in solvers in gPROMS.
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6.2.1.8

Intermediate feeders, blender and transfer line

The ConsiGma™-25 line includes an intermediate feeder for feeding powder blend from blender
to the granulator (hereafter referred to as 'powder blend feeder'), and an intermediate feeder for
feeding granulated material from the mill (hereafter referred to as 'granule feeder'). Thus to achieve
a more accurate representation of the ConsiGma™-25 line, transfer lines and the intermediate
feeder and blender units are also included in the flowsheet model. A key difference in the
implementation of the feeder model to the intermediate units is that the powder blend feeder and
granule feeder do not have refilling units assigned to them, as these units receive material from
their preceding units (powder blend feeder receives material from the blender and granule feeder
receives material from the mill).
In addition, a blending unit is also included to add lubricant to the granulated material from the
mill. This intermediate blender will hereafter be referred to as 'granule blender'. The granule blender
is modeled based on the axial dispersion equation as explained in Section 6.2.1.2. The blender is
assumed to be filled with granulated material and the axial dispersion equation is used to transfer
information regarding new or changing material properties from the upstream mill and the lubricant
feeder. The true density of lubricated material from the granule blender is taken as weighted average
of bulk densities of the milled granule product and lubricant.
In the dynamic flowsheet simulation, an accurate representation of the material properties at all
times and at every location in the process would not be complete without accounting for material
hold-up between unit operations. Hereto, transfer line models have been implemented to propagate
variable values in between unit operation models. These models delay the propagated values
according to a plug flow regime, assuming no back-mixing or axial dispersion is taking place during
the transfer of materials between unit operations.
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The plug flow propagation of these materials is often modeled applying a convolution of the inlet
concentration profile at the modeled system, with the residence time distribution function of the
material, as for instance described in Engisch and Muzzio [197]. This convolution requires
information on the inlet concentration values over a range of time. For simplicity, this plug flow
behavior is emulated using an axial dispersion model. A new simulation domain 𝑧 is created to
represent the normalized length of the transfer line under consideration, therefore this domain [0,
L] is always equal to [0, 1]. Over this domain, the change in input signal 𝑆 over time 𝑡 at 𝑧 = 0 is
propagated over the domain as in Equation 6.39 where the plug flow time delay is represented as
𝜏𝑑𝑒𝑙𝑎𝑦 . The input and output of the transfer lines are hence given by 𝑆(𝑡, 0) and 𝑆(𝑡, 1) respectively.
The smaller 𝜕𝑧 is chosen, the smoother and more accurate the signal will propagate through the
domain 𝑧, yet more computational burden is involved with this choice of more grid points. A value
of 1/1000 for 𝜕𝑧 has been found to give a good balance between smoothness and computational
burden. Finally, it has been found that normalization of the delayed signal 𝑆 drastically improves
CPU time in the gPROMS solvers.

6.39

The above unit operation models are connected to develop the flowsheet model representing the
ConsiGma™-25 line as shown in Figure 6.3. The flowsheet includes intermediate units and transfer
lines as well. When the flowsheet model is simulated, it is important to have a clear understanding
of the initial states of the model as it impacts the dynamic model state. For example, feeder hoppers
could have various amounts of material at the start of the simulation. Similarly, the mill could start
empty or have a certain amount of mass held up at the start of the simulation.
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Table 6.3 gives an overview of initial and dynamic states of the various units in the developed
flowsheet model. The full flowsheet model thus developed can be used to simulate the continuous
process as described in Section 6.3. Two case studies are provided in Section 6.4 where the full
flowsheet model is used to understand the effect of step changes in process settings. The flowsheet
model can also be used for advanced process analyses as described in the next sections.

Figure 6.2 Schematic showing interaction between units and various modeling approaches
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Figure 6.3 gPROMS Formulated Products schematic of the full flowsheet model developed
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Table 6.3 State of unit models used in flowsheet model development

6.2.2

Scenario Analysis

It is important to ensure that the flowsheet model developed successfully runs simulations at
various process conditions. This affirms that the models are successfully integrated. In addition, it
is important to verify that the process responses from these simulations are aligned with process
knowledge. Scenario analysis provides a structured framework to achieve this, as several
simulations at various combinations of process settings can be run in parallel and the resulting
process responses can be analyzed. In this work, only process responses at the end of simulation
i.e., steady state tablet properties are analyzed.
However, this exercise is computationally demanding as one simulation takes several hours to run.
In this work, a more pragmatic approach is applied and the flowsheet model as given in Figure 6.4
is adapted in order to implement scenario analysis. Specifically, the intermediate units (powder
blend feeder, granule feeder, granule blender) and the transfer lines are not considered. Since only
the end of simulation responses are studied, the flowsheet model simplification is valid as the
intermediate units and transfer lines do not affect the steady state process responses. The modified
model lowers the computational expense and allows implementation of study required to affirm
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that the process responses from integration of unit operation models are meaningful. The full
flowsheet model takes approximately 4 h to run a six-cell drying cycle, whereas the modified model
only takes approximately 7 min for the tablet properties to reach steady state. Hence, the adapted
model as shown in Figure 6.4 is used for the implementation of scenario analysis. In addition, the
factors used for the study are also chosen judiciously in order to keep the total number of flowsheet
model evaluations low. For example, factors such as blender blade speed, mill impeller speed are
not considered. The blender blade speed influences the mass holdup in the blender as explained in
Section 6.2.1.2 but not the steady state flow rate, as this depends on the incoming feed flowrate.
The mill impeller speed does not have an effect on granules obtained from a FBD [164]. Overall,
the factors considered, their corresponding lower and upper bounds, and number of levels for each
factor is listed in Table 6.4. In addition, the process responses that are recorded for each simulation
run are also listed in Table 6.4. Three levels for flow rate setpoint, four levels for LS ratio,
granulator screw speed, dryer air temperature, drying time are chosen. In Section 6.5, an analysis
of process responses from the simulations run is discussed in detail.
While the adapted flowsheet model is useful in implementing further analyses, it is also important
to understand its limitations. The simplified flowsheet does not capture the effects of the
intermediate units. For example, effects of refilling and propagation of disturbances from the
intermediate units are ignored. In addition, a successful scenario analysis on the simplified model
does not capture scenarios where the full flowsheet model fails due to the intermediate units. The
simplified flowsheet does not support study of dynamic behavior of the line. Analyses such as
dynamic sensitivity analysis or identification of dynamic feasible region cannot be accomplished.
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Figure 6.4 Schematic of the flowsheet model used for scenario analysis and sensitivity analysis
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Table 6.4 Factors and responses for scenario analysis and sensitivity analysis

6.2.3

Sensitivity Analysis

Sensitivity analysis is one of the key process systems engineering tools that can be used for quality
risk assessment through identification of critical process variables. Sensitivity analysis is the
investigation of how variability in the model inputs contributes to variations in model outputs [198].
It is an effective tool to rank and prioritize the process variables based on the effects they have on
the output variables of interest. In the context of operation of a continuous manufacturing line, it
helps identify the source of issues in meeting product quality or production demands. In the context
of process model development, sensitivity analysis has been extensively used to identify the
parameters that affect model outputs, thus helping focus experimental and model calibration efforts
[198, 199]. This helps researchers identify the areas where further model development needs to be
focused on. Specifically for a flowsheet model where there is high number of input factors,
sensitivity analysis can be used to reduce the number of input factors that need to be studied further.
This helps in simplifying a high dimensional problem by filtering out the variables that have
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negligible effects on the outputs of interest. With this simplification, other tools can be applied for
identification of design space of the process and its optimization [12].
Sensitivity analysis can be categorized into local and global methods. Local methods study the
effect of input variables around a nominal point (or base case), whereas global methods study the
effects over an entire input space. In this work, we focus on global sensitivity analysis as this is
more relevant for pharmaceutical processes. For pharmaceutical processes, the input factors may
include operating variables such as blender impeller speed, granulator screw speed etc. The output
variables of interest may include product properties such as tablet hardness, granule mean particle
sizes, or process variables such as mill mass hold up, total flow rate etc. There are various global
sensitivity analysis methods available. The choice of method usually depends on the computational
cost of evaluating the models, sampling budget available and the detail of sensitivity information
desired. In this work, Elementary effects method and Variance based sensitivity analysis methods
are used, details of which are described in the next section. These methods are chosen as they are
available in gPROMS FormulatedProducts with parallel computing capability.
6.2.3.1

Morris Method

Morris method also referred to as Elementary effects method is categorized under screening
methods for sensitivity analysis. Screening methods are the most effective way to identify the most
influential factors with relatively fewer samples [198]. Morris method is based on OAT (one-at-atime) design where each of the input factors is varied and effects on the model outputs are studied.
For a model with 𝑘 number of inputs, at a selected base point (𝑥1 , 𝑥2 , . . 𝑥𝑘 ), the elementary effect
𝐸𝐸𝑖 of the 𝑖 𝑡ℎ factor is given by Equation 6.40 where Δ𝑖 is the step change in the 𝑖 𝑡ℎ input factor,
𝑌 represents the model output and 0 ≤ Δ𝑖 ≤ 1. In order to represent the sensitivity information
accurately, the sample points must be spread in the input space.
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6.40

Based on the calculation of 𝐸𝐸𝑖 , the sensitivity metrics as given in Equation 6.41 can be calculated,
where 𝑟 is the number of trajectories or radial base points for sampling. 𝜇𝑖 represents the average
𝐸𝐸𝑖 , 𝜎𝑖2 represents the variance and reflects non linearity or interactions in the 𝑖 𝑡ℎ input. 𝜇𝑖 ∗
represents the average elementary effect using absolute 𝐸𝐸𝑖 to ensure the negative and positive
effects do not cancel each other. It is suggested to look at all three metrics together to understand
sensitivity information. Total sampling cost for this method is 𝑟(𝑘 + 1) where 𝑟 can be less than
20 [200]. Hence, it is especially useful for models with a large number of input factors (factor of
ten) or when the model is computationally expensive. In this work, the value of 𝑟 is chosen as 20.

6.41

After the metrics are obtained, input factors with large 𝜇𝑖 and/or 𝜇𝑖 ∗, 𝜎𝑖2 are considered to be
significant. Practically, if the metric of an input factor is less than 10% of the largest value of this
metric, the input factor is considered insignificant. While the method can be used to rank the factors,
it does not quantify how much an input factor is more important than the other factors.
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6.2.3.2

Variance-based method

In this category of methods, the variance of the output is decomposed into several components
including the individual inputs and the interactions between the inputs [201]. For an independent
set of input factors, the variance 𝑉(𝑦) is expressed as given in Equation 6.42 where 𝑉𝑖 is the
variance term solely due to the input factor 𝑥𝑖 , 𝑉𝑖.𝑗 is the variance term due to the interaction
between the input factors 𝑥𝑖 and 𝑥𝑗 . Based on this variance decomposition, sensitivity measures can
be defined as given in Equation 6.42.

6.42

For the input 𝑥𝑖 , 𝑆𝑖 represents the ‘first-order sensitivity index’ whereas 𝑆𝑖𝑗 represents the ‘secondorder sensitivity index’ which is the interaction effect of 𝑥𝑖 and 𝑥𝑗 on the process output. The metric
𝑆𝑇𝑖 indicates the ‘total sensitivity index’, which accounts for the main effects as well as all the
higher order interaction effects.
Specifically, this method uses Monte-Carlo techniques to compute the sensitivity indices as given
in Equations 6.43 and 6.44 where 𝐸(. ) is the expected value and 𝑋∼𝑖 represents all possible
combinations of input factors with 𝑖 𝑡ℎ input factor 𝑋𝑖 fixed. For this method, total number of
samples required is 𝑁(𝑘 + 2) where 𝑁 is recommended to be at least 500 [198]. In this work, the
value of 𝑁 is chosen as 500.
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6.43

6.44

For the variance based method, higher values of the metrics 𝑆𝑖 and 𝑆𝑇𝑖 indicate larger influence of
the input factor. Also, 𝑆𝑖 is always lower than or the same value as 𝑆𝑇𝑖 . Hence, the difference
between these metrics reflects interaction effects of the input factor with other factors. The adapted
flowsheet model as explained in Section 6.2.2 is used for implementing the sensitivity analysis
methods as well. In this work, details of factors and responses listed in Table 6.4 are also applicable
for executing sensitivity analysis. In the next sections, results from simulating the flowsheet model,
case studies to demonstrate dynamic simulation capabilities of the model and further analysis are
presented and discussed.

6.3 Simulation results
The flowsheet model as described in Section 6.2.1 is simulated using process settings as given in
Table 6.5. The flow rate setpoints for the feeders are based on the formulation given in Table 6.1
and a total flow rate of 15 kg/h. The operating variables for other units were set within the ranges
that were used to develop the individual unit operation models. The flowsheet model is simulated
for 1500 s to complete a drying cycle using six dryer cells. Feeder levels in the seven component
feeders (two API, one lubricant and four excipient feeders) decrease until refill occurs at a fractional
fill level of 0.1. The fill level in the powder blend feeder reduces until the blender starts feeding
powder blend to it. The fill level in the granule feeder reduces until the mill starts feeding granules
in a semi-continuous mode. Fill levels of all the component feeders and flow rate are shown in
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Figure 6.5. Figure 6.5c shows fill levels and flow rates of the two intermediate feeders, i.e. powder
blend and granule feeder.
Table 6.5 Values of process variables used for simulating the flowsheet model

Powder blend flows continuously to the granulator. Wet granules start filling the first cell of the
dryer and drying begins. After a filling time of 180 s, the second dryer cell starts filling. Dried
granules in the first cell are emptied to the mill after a total drying time of 450 s. Thus, the cycle of
filling, drying and emptying continues for the duration of simulation. Batches of dried granules fed
to the mill are broken and leave the mill. The left axis in Figure 6.6 shows flow rate of the blend
from the granulator. The right axis in Figure 6.6a shows mass of the batches of dried granules fed
to the mill and corresponding change in holdup in the mill due to granules entering and leaving the
mill. Figure 6.6b shows the evolution of moisture content of wet granules from the granulator and
dry granules from the dryer as simulation progresses. As the simulation of the drying behavior
requires a moisture content value at the beginning of its simulation, the results for the first dried
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batch are not representative because the wet granule moisture content at time 𝑡 = 0𝑠 equaled zero.
This is the moisture content output of the dryer model at time 𝑡 = 450𝑠, which just indicates that
the first dryer cell has emptied. This should be improved towards the future so that the dryer model
has a fully dynamic response towards its input.

(a)

165

(b)

(c)
Figure 6.5 (a) Component feeder fill levels (b) Component feeder flow rates (c) Powder blend
feeder and granule feeder fill levels and flow rates
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(a)

(b)
Figure 6.6 (a) Granulator flow rate, mass of granules from the dryer and holdup in mill (b) Moisture
content of wet and dry granules
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As milled granules exit the mill, properties of the batch of milled granules are mass averaged and
this information is propagated to the subsequent units. Figure 6.7a shows profiles of bulk density,
tapped density and true density of milled granules as the simulation progresses. Profiles of LOD,
span and API concentration of the milled product are shown in Figure 6.7b. It can be observed that
the true density, LOD and API concentration of milled product shows a step change around 600 s.
This is because the intermediate powder blend feeder initially contains powder blend with a true
density of 1291 kg/m3, at the start of the simulation. This is eventually replaced when the powder
blend of true density of 1344 kg/m3, coming from the unit operations upstream, reaches that
intermediate feeder in the simulation. Similarly, powder blend containing no API is replaced by a
powder blend containing API 1 and API 2. This is reflected in the API concentration profile as
shown in Figure 6.7b. In addition, LOD of the first batch of dried granules is lower (as shown in
Figure 6.6b) which reflects in the milled granule LOD profile as well.
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(a)

(b)
Figure 6.7 Profiles of milled granules (a) bulk density, tapped density and true density (b) LOD,
span and API concentration

169
Milled granules fed to the granule feeder eventually replace granular material in it. Milled granules
exiting the granule feeder are mixed in the granule blender with lubricant. Granules thus lubricated
are sent to the feed frame, which is modeled as a PFR and CSTR in series. Propagation of properties
(bulk density, tapped density, true density) in the granule feeder is shown in Figure 6.8a. The
density profiles in this figure shows replacement of granules in the granule feeder with granules
from the mill. Similarly, Figure 6.8b shows LOD, span and API concentration profiles that simulate
replacement of material existing in the granule feeder (2% LOD , span of 2 and 0.7 fractional API
concentration) with milled granules from the upstream unit. Figure 6.9a shows density profiles of
granules entering and leaving the feed frame. Similarly, Figure 6.9b shows profiles of LOD, span
and API concentration of granules entering and leaving the feed frame. The profiles changes seen
in these figures is self explanatory based on the milled granule profiles (Figure 6.7) and granule
feeder profiles (Figure 6.8).
The propagation of bulk density, tapped density, true density, API concentration, LOD and span
affect the profiles of tablet properties namely, tablet hardness, weight and potency. Figure 6.10a
shows dynamic evolution of tablet properties as powder from component feeders replace material
existing in the intermediate units (powder blend feeder and granule feeder). The tablet press
hardness model was developed for material with bulk density greater than 300 kg/m3. Hence, an
initial tablet hardness of zero is shown in the hardness profile. In addition, since the tablet press is
used in a mean weight control mode, main compression height and fill depth are adjusted as shown
in Figure 6.10b in order to make tablets with a weight of 0.43 g.
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(a)

(b)
Figure 6.8 Profiles of (a) bulk density, tapped density and true density (b) LOD, span and API
concentration of granules from the granule feeder.
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(a)

(b)
Figure 6.9 Profiles of (a) bulk density, tapped density and true density (b) LOD, span and API
concentration of granules entering and leaving the feed frame.
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(a)

(b)
Figure 6.10 Profiles of (a) tablet hardness, weight and potency (b) tablet press fill depth and main
compression height
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6.4 Case studies
To clearly demonstrate the use of the flowsheet model for dynamic simulation purposes, two case
studies are presented in this section. In both case studies, the full flowsheet model developed as
explained in Section 6.2.1 is used. The initial simulation process variable settings are the same as
explained in Table 6.2. Later, in case study 1, a step change from 1.3 kg/h to 4 kg/h is made to the
API 2 feeder flow rate setpoint at 200 s. In case study 2, a step change from 40 deg C to 50 deg C
is made to the dryer air temperature at 455 s. A comparison between simulation results with and
without the step changes implemented, and a demonstration of propagation of effects of the changes
is discussed in the following sections.

6.4.1

Step change in feeder flow rate

A step change in API 2 feeder flow rate setpoint from an initial value of 1.3 kg/h to 4 kg/h is
expected to lead to a change in API concentration (API 1 and API 2) in the powder blend, the
granules and subsequently potency of the tablets. Figure 6.11 shows the step change made in
setpoint at 200 s leads to a change in API 2 feeder flow rate.
A change in fractional API concentration at the blender outlet from 0.85 to 0.87 is seen in Figure
6.12a as a result of the step change. Figure 6.12a also shows a change in API concentration of the
powder blend leaving the powder blend feeder as initial material in the feeder (with no API) is
eventually replaced by powder blend with API concentration of 0.87. A comparison with profiles
from the simulation explained in Section 6.3 is also shown in this. Since the change is made at 200
s, the first cell in the dryer is filled (dryer filling time = 180 s) with granules from powder blend
already present in the powder blend feeder. Hence, profiles of API concentration from the outlet of
granulator and dryer from the simulation explained in Section 6.3 and this case study are the same
till the first dryer cell is emptied. This is shown in Figure 6.12b. Similarly, Figure 6.12c shows the
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propagation of change in API concentration at the outlet of respectively the mill and the granule
feeder. As a result of this, a change in API concentration profiles at the outlet of granule blender
and the feed frame are shown in Figure 6.12d. Finally, due to the step change in the amount of API
2 in the feed components an eventual deviation in the potency of tablets from 0.364 g to 0.374 g is
shown

in

Figure

6.13

Figure 6.13. Thus, the case study demonstrates the use of the flowsheet model developed to track
the effects of disturbances in upstream units on the final product quality.
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Figure 6.11 Step change in API 2 feeder flow rate setpoint showing an effect on the feeder flow
rate
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(a)

(b)
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(c)

178

(d)
Figure 6.12 Comparison of API concentration profiles from simulations with fixed and step change
in API 2 feeder flow rate setpoint for (a) blender and powder blend feeder (b) granulator and dryer
(c) mill and granule feeder (d) granule blender and feed frame.
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Figure 6.13 Comparison of tablet potency profiles from simulations with fixed and step change in
API 2 feeder flow rate

6.4.2

Step change in dryer air temperature

In case study 2, a step change from 40 deg C to 50 deg C is made to the dryer air temperature. The
step change is made at 455 s as shown in Figure 6.14 (right axis). At 455 s, filling, drying and
emptying of the first cell is completed. In the second dryer cell, filling is completed and drying is
in progress. In the third dryer cell, filling and drying are in progress. Profiles of dried granule
moisture content from the simulation explained in Section 6.3 along with this case study is also
plotted in Figure 6.14.
It can be observed that the dried granule moisture content from the first dryer cell is same in both
cases as the step change occurs after emptying the first cell. In the second cell, dried granule
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moisture content is lower in the case where the step change is imposed. This is because granules in
this cell are exposed to a higher air temperature for a duration of 175 s (180*1+450-455) which
leads to a lower granule moisture content. In the third cell, dried granule moisture content is further
lowered as drying at 50 deg C occurs for a longer duration of 355 s (180*2+450-455). In the fourth
cell, the moisture content is further lowered to a steady state value as all the granules are dried at
50 deg C.
Figure 6.15 shows propagation of LOD for both cases in the feed frame, which is the result of
profile changes in the dryer and subsequent mill, feeder and blender units. It can be seen that the
profiles follow the same path until about 750 s, after which a lower steady state value is reached
for the case where step change to a higher air temperature occurs. The effect of difference in LOD
profiles is also reflected in the tablet hardness as shown in Figure 6.16. Thus, implementation of
the flowsheet model allows analysis of effects of such dynamic changes made to an upstream
process variable on the final product quality of interest.
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Figure 6.14 Comparison of dried granule moisture content profiles from simulations with fixed and
step change in dryer air temperature
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Figure 6.15 Comparison of moisture content of granules entering and leaving the feed frame from
simulations with fixed and step change in dryer air temperature
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Figure 6.16 Comparison of tablet hardness profiles from simulations with fixed and step change in
dryer air temperature

6.5 Scenario analysis of the integrated model
The adapted flowsheet model as shown in Figure 6.4 was used to implement a scenario analysis as
explained in Section 6.2.2. Scenario analysis entails running the flowsheet model at various process
setting values. It serves as a useful step before running a more computationally demanding
sensitivity analysis. The flowsheet model is developed and errors are typically debugged at fixed
values of process settings. However, this masks errors that may occur at other process setting values
and does not provide confidence that the flowsheet model can run seamlessly. Debugging model
errors at this stage before running more expensive analyses such as variance based sensitivity
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analysis serves as an effective modeling practice. Total flow rate, LS ratio, granulator screw speed,
dryer air temperature and drying time as tabulated in Table 4 are the input factors considered for
scenario analysis. A total of 768 simulations from three levels of total flow rate, four levels each
for LS ratio, granulator screw speed, dryer air temperature, drying time (3x4x4x4x4 = 768) were
successfully run. Process responses from blender, granulator, mill, dryer and tablet press models as
given in Table 6.4 were recorded at the end of each simulation. For brevity, only few process
responses are discussed in this section.
Specifically, wet granule d50, dry granule d50, dry granule LOD and tablet hardness are plotted
and discussed. Since, this is a multivariate analysis (five variables) plotting and analyzing responses
from simultaneous change in all the variables is not possible. Hence, a matrix of plots as shown in
Figure 6.17 are used. The matrix consists of 10 plots, each of which shows process response plots
from varying two distinct factors with the three other factors fixed at baseline values. Figure 6.17a
can be used to visualize and understand the effect of the five variables on wet granule d50. It can
be observed that wet granule d50 increases with LS ratio and screw speed, and decreases with flow
rate. This is in accordance with the experimental data used for granulator model development[191].
Figure 6.17b and c can be used to understand effects on dry granule size and moisture content
respectively. Figure 6.17c shows that moisture content decreases with drying time which is an
expected phenomenon. Figure 6.17b shows that dry granule size increases with LS ratio, screw
speed, drying time and air temperature, and decreases with flow rate. This is in accordance with
experiments used for dryer model development [193]. Drying is expected to increase granule
strength and lower breakage rate, which leads to a larger size. Hence, increase in drying time and
air temperature increases granule size. The effect of flow rate, LS ratio and screw speed on the dry
granule size is due to the propagation of effects of these variables on the size of the wet granule
feed to the dryer. Similarly, the effect of changes in the variables on tablet hardness is plotted in
Figure 6.17d. It can be observed that low drying time leads to tablets with very low hardness. In
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other words, granules with high moisture content cannot be used to make tablets. This is in
accordance with process knowledge as gained from experiments. It is also worth noting that
development of a flowsheet model has enabled study of the effect of change in a process variable
in an upstream unit on the final product quality.

(a)
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(b)
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(c)
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(d)
Figure 6.17 Scenario analysis plots for (a) wet granule d50 (b) dry granule d50 (c) dry granule LOD
(d) tablet hardness

6.6 Sensitivity analysis of the integrated model
Sensitivity analysis was conducted using the adapted flowsheet model as explained in Section 6.2.2
and using five input factors, flow rate, LS ratio, granulator screw speed, dryer air temperature and
drying time. The effect of these input factors on 20 model responses are studied. The list of factors
and responses, ranges for the factors are tabulated in Table 6.4. The input factors are considered to
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vary uniformly within these ranges. Morris analysis is implemented using 120 samples
(=20*(5+1)). The results of the analysis are shown in Table 6.6 that lists the metrics 𝜇, 𝜇 ∗ and 𝜎.
From the metrics, we observe that LS ratio influences wet granule moisture content, which is
expected. Wet granule size is influenced by all three granulator process variables. This finding
conforms with experiments that show effect of these variables on granulation rate [190]. For the
dryer model outputs, flow rate and granulator screw speed do not show influence on dry granule
moisture content and all five input factors show influence on dry granule size and dry granule
properties (bulk density, tapped density and angle of repose). For the mill model outputs, LS ratio
shows the most influence on milled granule size, bulk and tapped density. This is due to effect of
LS ratio on size distribution of feed to the mill. The tablet press variables, main compression height
and fill depth, are shown to be most influenced by air temperature, drying time and LS ratio. This
is due to the effect of all these factors on the granule moisture content as granules with LOD higher
than 3% cannot be used to make tablets. Thus, these factors also show an effect on tablet hardness.
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Table 6.6 Morris method sensitivity analysis results
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From Morris analysis, dryer air temperature, drying time and LS ratio are identified as the
significant factors that influence tablet properties. Variance based analysis as explained in Section
6.2.3.2 can be applied to this subset of factors to obtain a quantitative understanding of their
influence. However, for this work, variance based sensitivity analysis is performed using all five
factors and compared to results obtained from Morris method. The analysis was implemented using
3500 (=500*(5+2)) samples. Here, only the total sensitivity indices, 𝑆𝑇𝑖 are pictorially represented
in Figure 6.18 as the first order effects 𝑆𝑖 are close to 𝑆𝑇𝑖 for responses from granulator, dryer, mill
and blender units. The responses from tablet press show interactions for the factors air temperature,
drying time and LS ratio. Generally speaking, findings from variance based sensitivity analysis
agree with the findings from Morris analysis. The variance based method identified LS ratio as a
significant factor for granulator. All five factors were identified as significant for dryer. LS ratio
showed most influence for mill. All of these findings align with conclusions obtained from
implementing Morris analysis. For tablet press, air temperature, drying time and LS ratio were
identified as significant factors that influence tablet hardness, main compression height and fill
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depth. In addition, all five factors were identified as significant for tablet potency. The influence of
these factors on tablet potency was not observed from Morris analysis. This is because, in Morris
analysis, the metrics are not dimensionless. For example, the metrics have a unit of g for tablet
potency. Hence, any factor that shows an effect less than 0.01 g was identified as insignificant for
Morris analysis. However, in variance based analysis, the metrics are dimensionless and the effect
of various factors on the responses are normalized. A potency difference in the order of 1e-6 g is
also accurately identified in the sensitivity indices. Overall, both Morris and Variance-based
methods serve in identifying critical factors. While, the Morris method requires fewer samples and
allows ranking the factors by the order of influence, it does not provide quantitative information on
relative effects of the factors. On the other hand, variance based analysis requires much higher
number of samples but can provide detailed and quantitative information on the relative effects of
the factors. It is also important to note here that the factors shown as influential per the sensitivity
analysis metrics is a direct result of the process models used. Hence, any assumptions and
deficiencies in the model are also carried to the sensitivity analysis. Results from sensitivity
analysis should thus be carefully scrutinized in conjunction with process knowledge in order to
avoid drawing incorrect conclusions.
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(e)
Figure 6.18 Total sensitivity index 𝑆𝑇𝑖 plots for (a) Granulator (b) Dryer (c) Mill (d) Tablet press
(e) Blender

6.7 Summary
In this work, a flowsheet model that approximates the ConsiGma™-25 line for continuous tablet
manufacturing through the wet granulation route is developed. The flowsheet model is based on
models that are developed from experimental runs on units included in the continuous line using
the same formulation and materials. For a complete virtual representation of the continuous line,
models for intermediate units (powder blend feeder, granule feeder and granule blender) as well as
transfer lines are also included in the flowsheet model. The developed model successfully
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demonstrates its ability to simulate the effect of changes in the process variables through case
studies where step changes in API flow rate and dryer air temperature are implemented and their
effect on final tablet properties is understood. Robustness of the developed model is established by
systematically running the flowsheet model at several combinations of process settings and
analyzing the corresponding process responses. The model is also used to identify critical process
variables that affect intermediate and final product quality.
Throughout this article, several applications and capabilities of the developed flowsheet model have
already been alluded to in the discussion. However, it is also worth noting some gaps in the
developed model which helps throw light on areas where future research efforts can be focused on.
For instance, the developed flowsheet model is computationally expensive. A simulation of about
1600 s takes approximately 4 h. While a simplified model is adapted in this work to implement
steady state sensitivity analysis, it is not feasible to run dynamic sensitivity analysis using this
model. Other areas of improvement include further development of the unit operation models. The
blender model currently used predicts only 10%, 50% and 90% percentile diameters for the powder
blend. However, a much higher resolution PSD is required in the granulator model. In addition, the
granulator model predicts only steady state PSD output based on process setting values. For the
dryer model used in this work, drying behavior is based on input material properties at the start of
drying cycle of cell. This could be further improved by incorporating dynamic modeling of drying
behavior. For the mill model, the model parameters used currently are not a function of drying time
in the fluid bed dryer. In addition, some of the submodels for unit operations use empirical
relationships which are formulation-specific. Another valuable verification of the model would be
to check the mass balance over the entire system. The approximation of the axial dispersion models
modeling the material flow propagation could thus be achieved. As research efforts continue on
improving the unit operation models, the flowsheet model in its current state has already shown to
be a useful tool in enhancing process understanding and enabling better decision making.
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Overall, the developed flowsheet model is a prerequisite for identification of design space and
optimization of the continuous line. Future research efforts should be focused on reducing
computational expense of the model as well as improving capability of the unit models to capture
dynamics as well as their applicability for other formulations suited for continuous solid oral dosage
manufacturing.
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Chapter 7
Design space identification of continuous pharmaceutical
manufacturing processes
7.1 Background
Feasibility is the ability of a process to satisfy all production, operating, safety and quality
constraints. Process models for manufacturing processes can be used to identify the feasible region
i.e., the multivariate combination of CPPs and CMAs that satisfy the process and product
constraints. During the past decade, the need to develop predictive models for complex processes
accompanied by advances in computational capabilities has led to the evolution of higher fidelity
models, which incur high computational cost. Traditional feasibility analysis methods [96, 97, 99,
100] cannot be applied to these models as they require high number of function calls which is
prohibitive for such models. In addition, the constraints are not available in closed-form or function
derivatives are difficult to evaluate. Surrogate based methods have gained prominence to address
problems of such nature. In this class of methods, a surrogate model is used to approximate the
computationally expensive model for identifying the feasible region. Banerjee, Pal [101] used a
HDMR surrogate model to approximate the original model and used the computationally
inexpensive surrogate to identify the feasible region. Kucherenko, Giamalakis [102] used HDMR
as a metamodel to represent the design space in case of uncertainty in model parameters. Rogers
and Ierapetritou [103] used kriging as the surrogate model to approximate the original function for
identifying disjoint and nonconvex feasible regions with limited sampling. Wang and Ierapetritou
[104] used RBF surrogate model which performed comparable to kriging surrogate model. In some
of these approaches, an adaptive sampling methodology is used, where samples are identified in
regions that are of high interest such as regions where the surrogate model prediction errors are
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high or regions that are expected to be feasible. However, these approaches showed limitations or
did not illustrate examples in identifying feasible regions in high dimensional problems.
In this work, we propose a surrogate based feasibility analysis method where an Artificial Neural
Network (ANN) is used as the surrogate model to address problems that are computationally
expensive or do not have constraints in closed form. Owing to their function approximation,
classification and pattern recognition properties, ANNs have attracted attention in several fields
such as chemical engineering [202, 203] biochemical engineering [204] to optimize processes, and
pharmaceutical research [205]. For ANN applications related to process optimization, ANN is used
as the surrogate model to approximate the original process model or the objective function and the
developed surrogate model is used for subsequent optimization [206, 207]. In this work, we propose
to use ANN as the surrogate model to approximate the feasibility function, which is a
characterization of constraint violation or infeasibility in a problem. An adaptive sampling
methodology is used. The goal of adaptive sampling in this work is to improve accuracy of the
surrogate model that represents the feasible region while limiting the number of samples required
to achieve this. Adaptive sampling in feasibility analysis problems entails identification of samples
in regions of high surrogate model prediction variance or regions close to the feasible region
boundary. In this work, the prediction error of the surrogate model is estimated using a statistical
technique known as jack-knifing [208]. The identification of samples in the regions of interest is
achieved by maximizing a modified expected improvement function proposed by Boukouvala and
Ierapetritou [209]. The neural network based feasibility analysis method thus developed shows
better performance compared to previously published kriging based method [103] for low as well
as high dimensional problems.
In the following sections, the mathematical foundation and formulation of the surrogate based
feasibility analysis method is described in Section 7.2. Following this, the feasibility analysis
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methodology based on surrogate models used in this work, namely Kriging and Artificial Neural
Networks are described in Sections 7.2.1 and 7.2.2 respectively. Section 7.3 illustrates
implementation of the methodology in several low and high dimensional test problems. The
implementation of the methodology on pharmaceutical manufacturing processes are then described
in Sections 7.4 and 7.5.

7.2 Feasibility analysis methodology
The concept of process flexibility was introduced to have mathematical foundation for
incorporating operability considerations at design stage [94]. For a process with design variables
𝑑, control variables 𝑧, and uncertain parameters 𝜃, the constraints that represent feasible operation
can be expressed as Equation

7.1.

𝑔𝑗 (𝑑, 𝑧, 𝜃) ≤ 0,

𝑗∈𝐽

7.1

Feasibility of operation of a design 𝑑, operating at given values of uncertain parameters 𝜃 is
determined by establishing whether proper adjustment of control variables 𝑧 allows each inequality
given by Equation

7.1 to hold. The control variable 𝑧 is adjusted to maximize the largest value

of 𝑔, which can be formulated as Equation 7.2, where 𝜓 is defined as the feasibility function. If
𝜓 < 0, the design is feasible for the given values of 𝜃. If 𝜓 > 0, that means any value of the control
variable 𝑧 cannot bring the process to a feasible operation. If 𝜓 = 0, this indicates the process is at
the boundary of feasible and infeasible operation.

𝜓(𝑑, 𝜃) = min max 𝑔𝑗 (𝑑, 𝑧, 𝜃)
𝑧

𝑗∈𝐽

7.2

203
The flexibility test problem uses this mathematical foundation to determine if a process is feasible
for all possible values of 𝜃, which is equivalent to checking if 𝜓 ≤ 0 for all values of 𝜃. In
mathematical terms, this is formulated as Equation 7.3 where 𝜒 is defined as the flexibility function.
The flexibility test problem only determines whether a process is feasible or infeasible, and does
not give a quantitative measure of feasibility, or information on the region where operation is
feasible. In this work, our goal is to identify the feasible region i.e., given bounds on we need to
identify the region of 𝜃 where the process is feasible (𝜓 ≤ 0).

𝜒(𝑑) = max 𝜓(𝑑, 𝜃) = max min max 𝑔𝑗 (𝑑, 𝑧, 𝜃)
𝜃

𝜃

𝑧

𝑗∈𝐽

7.3

If control variables are not considered, the feasibility function in Equation 7.2 is reformulated as
Equation 7.4.

𝜓(𝑑, 𝜃) = max 𝑔𝑗 (𝑑, 𝜃)
𝑗∈𝐽

7.4

In cases where the constraints in the process model are black-box in nature or the process model is
computationally expensive to run, surrogate based feasibility analysis methods are developed to fit
an inexpensive surrogate model of the feasibility function. The sample points required to build the
surrogate model need to be carefully chosen as the original model is expensive. Adaptive sampling
strategies [172] are used to identify the samples that provide most useful information when building
the surrogate model. At these sample points, the original process model is run, constraint violations
are evaluated and the corresponding feasibility function value, which is the maximum of the
constraint violation values, is used to update the surrogate model. In this work, a modified expected
improvement function 𝐸𝐼𝑓𝑒𝑎𝑠 [209] as given in Equation 7.5 is used to implement the adaptive
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sampling strategy. Here, 𝑦 and 𝑠 are the surrogate model prediction and standard error of the
prediction at 𝑥 respectively.

𝑦
1 −0.5( 𝑦22 )
𝑠
𝐸𝐼𝑓𝑒𝑎𝑠 (𝑥) = 𝑠 𝜙 (− ) = 𝑠
𝑒
𝑠
√2𝜋

7.5

This function is modified from the EI function proposed by Jones, Schonlau [154] for surrogate
based optimization problems. For surrogate based optimization problems, maximization of the EI
function directs search towards the regions that are unexplored, which leads to regions of high
uncertainty, or the regions where the surrogate model is minimized. Samples from these regions
are used to improve the surrogate model accuracy, with the improvement focused towards
identifying the optimum value. The modified EI function (𝐸𝐼𝑓𝑒𝑎𝑠 ) has similar properties such that
maximization of 𝐸𝐼𝑓𝑒𝑎𝑠 identifies sample points close to the feasible region boundary or in the
region of high prediction uncertainty. In this case, addition of these samples leads to higher
accuracy of the surrogate model, with improvement focused towards identification of feasible
regions. In the following sections, the surrogate modeling methods used in this work are explained,
and their implementation in the feasibility analysis methodology is elucidated.

7.2.1

Kriging based feasibility analysis

Kriging also referred to as gaussian process regression [210] or stochastic process model [154] is
a popular interpolating surrogate model used in several applications. An attractive feature of kriging
model is an estimate of the model prediction error is inherently provided by the model. This is a
useful feature in the implementation of adaptive sampling strategies as seen in optimization
literature [211]. In Kriging, the predictor at an untested sample point is modeled as a function of
process responses at previously tested points or design points. The kriging model prediction 𝑓̂(𝑥 𝑖 )
for a d dimensional input xi is given as a realization of a regression model 𝜇̂ (𝑥 𝑖 ) and an error term
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𝜀̂(𝑥 𝑖 ) as given in Equation 7.6. Here, 𝜇̂ (𝑥 𝑖 ) = ∑𝑝 𝛽𝑝 𝑔𝑝 (𝑥 𝑖 ) i.e., a linear combination of p basis
functions and represents the mean of process responses. The regression term takes the form of a
polynomial, typically constant, linear or quadratic. The error ε is a deviation from the mean process
response and is represented by a Gaussian process with zero mean and covariance
𝜎 2 𝑹(𝜃, 𝑥 (𝑖) , 𝑥 (𝑗) ) between 𝜀(𝑥 (𝑖) ), 𝜀(𝑥 (𝑗) ) where 𝑹 is the correlation model.

𝑓̂(𝑥 𝑖 ) = 𝜇̂ (𝑥 𝑖 ) + 𝜖̂(𝑥 𝑖 )

7.6

The correlation model 𝑹 indicates that the errors in the predicted values are correlated as a function
of the input variables. Several correlation models are available and used in literature [153]. In this
work, linear, exponential or gaussian correlation models are considered as they have been
successfully applied in previously published kriging based feasibility analysis methods [103]. The
kriging model structure i.e., the order and type of regression and correlation model are chosen in
the initial model building phase. In this phase, the domain is sampled using a space-filling design
such as grid sampling or latin hypercube sampling. Several Kriging models are fit with the
combinations of regression and correlation models. The mean squared error (MSE) between
predicted data and target data for each kriging model is computed. The model structure
corresponding to the kriging model that yields the least MSE is chosen. In this work, Kriging
implemented in Design and Analysis of computer Experiment (DACE) [212], is used. Overall, the
kriging-based feasibility analysis algorithm is depicted in Figure 7.2. Performance of the krigingbased feasibility analysis methodology is compared to the proposed ANN based methodology
which is explained in the next section.
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7.2.2

Artificial neural networks based feasibility analysis

ANNs constitute input and output variables as neurons that are connected using hidden neurons or
nodes arranged in layers. An illustration of an ANN with one input layer, one hidden layer and one
output layer is shown in Figure 7.1. The architecture given in the figure has three input neurons
(represented as yellow circles), four neurons (represented as blue circles) in the hidden layer and
one neuron in the output layer (represented as the green circle). In ANN, a neuron is weighed, and
the weighted values are sent to neurons in the succeeding layer. In addition, a bias is applied with
a constant weight of 1 (represented by yellow and blue squares) and sent to neurons in the
succeeding layer. All the inputs to a neuron in the succeeding layer are summed and a transfer
function is applied, the result of which is weighed again and sent to the next layer. To build an
ANN as a function approximator, the weights and biases are estimated such that a cost function,
which constitutes differences between ANN predictions and target values, is minimized. In this
work, a feed-forward neural network trained with back propagation algorithm is used [213]. One
input layer, one hidden layer and one output layer are used, as a single hidden layer feed-forward
ANN is known to be good function approximator provided sufficient number of neurons in the
hidden layer, also known as hidden neurons are used [214]. The number of hidden neurons is a
variable to be determined in the network structure. Higher number of neurons may lead to
overfitting issues. Overfitting of the network parameters are generally avoided using methods such
as early stopping and Bayesian regularization [215]. Early stopping requires the dataset to be
divided into training, validation and testing sets. The training of network parameters is stopped
based on model prediction performance on the training and validation dataset. In Bayesian
regularization, the cost function includes a penalty term for high weights and does not require
validation dataset to estimate optimum network parameter. In this work, Bayesian regularization is
used as this reduces potential oscillatory behavior between samples and reduces overfitting issues.
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The number of hidden neurons is determined in the initial model building phase. In an approach
similar to choosing the regression and correlation models in the kriging-based methodology, the
domain is sampled using a space-filling design such as grid sampling or Latin hypercube sampling.
Several ANNs are built with varying number of hidden neurons. The mean squared error (MSE)
between predicted data and target data for each ANN is computed. The number of hidden neurons
corresponding to the neural network that yields the least MSE is chosen.

Figure 7.1 Schematic of a three-layer Artificial Neural Network
The implementation of feasibility analysis methodology includes maximization of the 𝐸𝐼𝑓𝑒𝑎𝑠
function given in Equation 7.5. The standard error of ANN model prediction s needs to be estimated
in order to implement the ANN based methodology. In this work, a statistical technique known as
jack-knifing [208, 216] is used to estimate the variance 𝜎 of ANN model predictor 𝑦 at a sample
point 𝑥. The standard error s of the model predictor is then computed as √𝜎 . Computation of the
variance 𝜎 is achieved by creating subsamples of the parent sample set. Following are the steps to
implement the jack-knifing method for ANN model prediction variance:
•

Divide the sample set into K disjoint subsample sets of 1/K size each
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•

Leave out one subsample set each time and pool the remaining samples into a set. This
leads to K disjoint sets

•

Build K neural networks Fk (k=1 to K) using the K pooled disjoint sets

•

Calculate variance of prediction from K neural networks

In mathematical terms, at a sample point x, if 𝑈𝑘 (𝑥) is the predictor from the kth ANN model, the
variance of prediction is given by Equation 7.7.

𝐾

𝐾

2

1
𝑈𝑘 (𝑥)
𝜎(𝑥) =
∑ (𝑈𝑘 (𝑥) − ∑
)
𝐾
𝐾
𝑘=1

7.7

𝑘=1

The standard error s of predictor needs to be scaled with respect to the model predictor y before it
can be used in the 𝐸𝐼𝑓𝑒𝑎𝑠 function. This is required to balance the magnitude of s compared to y. A
similar scale factor has been used with a RBF based error prediction by Wang and Ierapetritou
[104] which has resulted in successful function maximization for feasibility analysis problems. The
scale factor is determined based on model fit to the initial sample set in the initial model building
phase. If 𝑛𝑖𝑛𝑖𝑡𝑖𝑎𝑙 is the initial number of samples chosen, 𝑈0 is the predictor from the ANN model
that is fit using the initial sample set and 𝜎0 is the variance of the prediction using jack-knifing, the
scale factor 𝛿 is given by Equation 7.8:

δ=

max(𝑈0 )
max(𝜎0 )0.5 ∗ 𝑛𝑖𝑛𝑖𝑡𝑖𝑎𝑙

7.8

where max(𝑈0 ) is the maximum value of the initial model predictor, and max(𝜎0 ) is the maximum
value of the initial model prediction variance. The 𝐸𝐼𝑓𝑒𝑎𝑠 function for the ANN based methodology
uses the scaled value, 𝛿𝑠(𝑥) = 𝛿√𝜎(𝑥) instead of 𝑠(𝑥). The algorithm used for the implementation
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of the proposed ANN based feasibility analysis is depicted in Figure 7.2. In order to evaluate the
effectiveness of the ANN based feasibility analysis methodology, the feasible region predicted by
the surrogate model could be visually compared to the actual feasible region. However, such visual
evaluation is possible for two- or three-dimensional problems. For higher dimensional problems,
visual representation of feasible regions is a challenge. Hence, for this work, we use performance
of the surrogate model on untested data points as a means to quantify effectiveness of the
methodology. Based on correct or incorrect identification of the untested sample points as feasible
or infeasible, the accuracy of the kriging and ANN surrogate model can be evaluated and compared.
Figure 7.3 is a two-dimensional hypothetical representation of various possibilities. Specifically,
the untested sample points can belong to one of the following categories:
•

Correctly identified feasible region (CF, dashed yellow): the sample is classified as feasible
by the original model and feasible by the surrogate model as well

•

Correctly identified infeasible region (CIF, white): the sample is classified as infeasible by
the original model as well as the surrogate model

•

Incorrectly identified feasible region (IC-F, yellow solid): the sample is classified as
infeasible by the original model and feasible by the surrogate model.

•

Incorrectly identified infeasible region (IC-IF, blue dashed): the sample is classified as
feasible by the original model and infeasible by the surrogate model.
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Figure 7.2 Algorithm for ANN and Kriging based feasibility analysis methodology
Based on the categories to which the untested samples may belong, we define three metrics namely,
percentage of correct feasible region (CF%), percentage of correct infeasible region (CIF%) and
percentage of not conservative feasible region (NC%). The respective calculations as given in
Equation 7.9 are based on the number of sample points from the untested points that belong to each
of the four categories as explained earlier. It is evident that accurate identification of feasible
regions corresponds to CF% and CIF% of 100 and NC% of 0. To explain further, a high NC% is
an indication of over-estimation of feasible region by the surrogate model whereas low CF% is an
indication of under-representation of the feasible region.
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𝐶𝐹% =

𝐶𝐹
∗ 100
𝐶𝐹 + 𝐼𝐶𝐼𝐹

𝐶𝐼𝐹% =

𝐶𝐼𝐹
∗ 100
𝐶𝐼𝐹 + 𝐼𝐶𝐹

𝑁𝐶% =

𝐼𝐶𝐹
∗ 100
𝐼𝐶𝐹 + 𝐶𝐹

7.9

Figure 7.3 Illustration of surrogate model accuracy validation metrics

7.3 Test problems
A thorough evaluation of the proposed ANN based feasibility analysis method is discussed in this
section. The performance of the proposed method is compared with the kriging-based method
through several low and high dimensional problems. The test problems chosen are standard and
have been used in the literature extensively. In addition to the standard test problems, two additional
test problems are formulated in high dimensions (four and six dimensions). The formulated test
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problems serve to emulate a “flowsheet” problem, which is the case study discussed in sections 7.4
and 7.5. In the following section details on the test problems chosen for this work is given.
Four two dimensional problems listed in Table 7.1 are used in this work. The goal is to identify
feasible regions for the test problems namely branincon, camelback, ex3 [103] and sasenacon
[217]. Table 7.1 provides details on the variable bounds along with the constraints that define the
feasible region for these problems. All of the problems include non-linear constraints and the
feasible regions are non-convex which are considered as difficult to identify. The branincon,
camelback and sasenacon test problems also have disjoint feasible regions which adds difficulty in
identifying the feasible region boundary. The feasible region boundaries for these problems are
shown in bold black color in Figure 7.4. For these test problems, the performance of the ANN based
and Kriging based methdologies are compared through visual analysis of the feasible regions as
well as through validation metrics as explained in Section 7.2.
Table 7.1 Two-dimensional test problems with variable bounds and constraints
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(a)

(b)
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(c)

(d)
Figure 7.4 True feasible region boundaries of the test problems (a) branincon (b) camelback (c)
sasenacon (d) ex3
In addition to the two dimensional problems listed in Table 7.1, three, five and six dimensional
test problems listed in
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Table 7.2 namely qcp4con, g4con and Hesse [218] respectively are discussed here. Similar to the
two dimension problems, the variable bounds and constraints are listed in the table. Two formulated
test problems namely 4Dcomp and 6Dcomp are also used in this work. The purpose of these test
problems is to simulate test cases similar to a flowsheet model. Flowsheet models are mathematical
representations of continuous processes and are used to simulate dynamic behavior of the entire
manufactuirng line [219]. Flowsheet models have several unit operation models connected such
that relevant information is transferred from a unit to the the succeeding unit. A flowsheet model
representing the wet granulation continuous manufacturing process is the subject of case studies
described in the Sections 7.4 and 7.5. Specifically, the flowsheet model constitutes process models
for unit operations namely, granualtion, drying, milling and tablet compaction. Flowsheet models
are computationally expensive and hence serve as excellent candidates for implementing the
proposed surrogate based feasibility analysis method for identification of feasible regions. To test
effectiveness of the proposed methodology in flowsheet models, the test problems 4Dcomp and
6Dcomp are formulated. The test problem 4Dcomp is formulated using the sasenacon and qcp4con
functions as shown in Figure 7.5(a). This leads to a four dimensional problem with six constraints.
The test problem 6Dcomp is formulated using the g4con and ex3 functions as shown in Figure
7.5(b). This leads to a six dimensional problem with nine constraints. The performance of the ANN
based and Kriging based methdologies for these test problems are compared through the validation
metrics explained in Section 7.2.
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Table 7.2 Standard high dimensional test problems with variable bounds and constraints
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(a)

(b)
Figure 7.5 High dimensional test problems formulated (a) 4Dcomp (b) 6Dcomp

7.3.1

Two dimensional test problems

For ANN as well as kriging-based methods, a grid sampling scheme is used to build the initial
surrogate model in the initial model selection phase. The performance of the methods is compared
for different number of initial samples i.e., 49, 36, 25, 16 and 9 which correspond to 7, 6, 5, 4 and
3 levels respectively. After the initial surrogate model is built, the adaptive sampling strategy is
implemented according to the algorithm in Figure 7.2 in order to improve the surrogate model
accuracy. 100 adaptive sample points are chosen. The accuracy of the surrogate model is calculated
using dense sampling of the variable space through 1002 grid sampling. Table 7.3 lists the initial
surrogate model and final surrogate model accuracies for ANN and kriging-based methods in the
case of 49 initial samples. The number of adaptive samples required in order to reach an accuracy
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of 99% CF, 99% CIF and 1% NC are also listed in Table 7.3. The feasible region boundaries
identified by the final surrogate model are also plotted for both methods to aid visual analysis.
Table 7.3 Surrogate model accuracy metrics for two-dimensional test problems

From Table 7.3, in terms of the surrogate model accuracy achieved, Kriging as well as ANN models
are able to identify the feasible regions with high accuracy (>97% feasible regions and >99%
infeasible regions are accurately identified) for branincon and ex3 test problems, with ANN
performing slightly better than Kriging in CF% and NC% and with fewer adaptive samples
(branincon:30 and ex3:80). Figure 7.6 and Figure 7.7 show feasible region boundaries identified
by the surrogate models compared to the actual feasible region boundaries for branincon and ex3
problems respectively. The figures also show the location of adaptive samples. It is evident that the
adaptive samples are placed close to the feasible region boundaries indicating the result of
maximizing the modified expected improvement function 𝐸𝐼𝑓𝑒𝑎𝑠 discussed in Section 7.2.
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(a)

(b)
Figure 7.6 Visual comparison of the original model and surrogate model feasible region boundaries
(a) ANN for branincon (b) Kriging for branincon (Initial samples are represented with dots and
adaptive samples are represented with red circles. True feasible region boundary is represented as
black dashed line and feasible region boundary predicted by the surrogate model is represented as
red line)
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(a)

(b)
Figure 7.7 Visual comparison of the original model and surrogate model feasible region boundaries
(a) ANN for ex3 (b) Kriging for ex3 (Initial samples are represented with dots and adaptive samples
are represented with red circles. True feasible region boundary is represented as black dashed line
and feasible region boundary predicted by the surrogate model is represented as red line)
For camelback, ANN performs significantly better in accurately identifying feasible regions.
Kriging over estimates feasible region with 9.63 NC% compared to no over-estimation by ANN.
This is also achieved by ANN with fewer adaptive samples (ANN: 20 and Kriging: 100). Figure

221
7.8 shows feasible region boundaries identified by the ANN and Kriging surrogate models
respectively along with the placement of adaptive samples which shows very good prediction of
feasible region boundaries by ANN.

(a)

(b)
Figure 7.8 Visual comparison of the original model and surrogate model feasible region boundaries
(a) ANN for camelback (b) Kriging for camelback (Initial samples are represented with dots and
adaptive samples are represented with red circles. True feasible region boundary is represented as
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black dashed line and feasible region boundary predicted by the surrogate model is represented as
red line)
For sasenacon, significantly larger feasible region is identified by ANN (ANN: 96.54 CF% and
Kriging: 88.14 CF%), which is also accompanied by slight over estimation when compared to
Kriging (ANN: 4.32 NC% and Kriging: 2.73 NC%). Figure 7.9(a) and (b) shows performance of
ANN and Kriging methods respectively for this test problem. It can be observed that in ANN
method, the adaptive samples added are distributed between the larger and smaller feasible regions
where in Kriging method, the adaptive samples are concentrated more towards the larger feasible
region.
The results discussed thus far include surrogate models built with 49 initial samples. In order to
show the effectiveness of the proposed ANN based algorithm, results for the performance of the
methods using a different number of initial samples for the four test problems are plotted in Figure
7.10. In order to aid plotting of all the metrics i.e., CF%, CIF% and NC% on the same scale,
NC’=100-NC is plotted instead of NC. Since a low value of NC indicates accurate identification of
feasible region, this implies a high value of NC’ is desired. Figure 7.10 also shows the initial model
accuracy and an improvement or degeneration in the accuracy attained due to the adaptive samples.
From the plots, it can be observed that the accuracy of the ANN model is comparable or better than
Kriging model for all four test problems at all levels considered. This is true for CF%, CIF% and
NC%. It is also worth noting that the performance of ANN is better than Kriging irrespective of the
accuracy of the initial model. For example, for branincon at 25 initial samples (levels=5), the initial
ANN model accuracy reflected in CF% is significantly lower than initial Kriging model accuracy.
However, with adaptive sampling, the final ANN model accuracy is better than Kriging. Similarly,
for camelback with 36 initial samples (levels=6), the initial ANN model CF% is lower than initial
Kriging model accuracy. However, the final model accuracies are comparable for both methods.
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Another interesting observation is the loss in model accuracy particularly in Kriging model with
adaptive sampling as seen in negative accuracy gain i.e., accuracy loss values. This is possibly due
to interpolating nature of the Kriging model which may lead to oscillations with large number of
closely located samples.

(a)

(b)
Figure 7.9 Visual comparison of the original model and surrogate model feasible region boundaries
(a) ANN for sasenacon (b) Kriging for sasenacon (Initial samples are represented with dots and
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adaptive samples are represented with red circles. True feasible region boundary is represented as
black dashed line and feasible region boundary predicted by the surrogate model is represented as
red line)
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(b) camelback
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(d) ex3
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Figure 7.10 Comparison of ANN and Kriging model accuracy metrics for different levels of initial
samples (a) branincon (b) camelback (c) sasenacon (d) ex3
The results listed in Table 7.3 show that generally ANN requires fewer adaptive samples compared
to Kriging to attain a surrogate model accuracy of >99% CF, >99% CIF and <1% NC. Specifically,
Kriging utilizes the sampling budget of 100 adaptive samples whereas ANN requires considerably
less number of adaptive samples for branincon (30 samples) and camelback (20 samples). For these
test problems, this is also true when lower number of initial samples are used. The total number of
adaptive samples used by the test problems at different levels of initial samples are plotted in Figure
7.11. The plot shows that for branincon, at levels 6, 5, 4, and 3, ANN requires 20, 30, 30, and 40
adaptive samples respectively, whereas kriging uses the entire sampling budget of 100 adaptive
samples. For camelback at levels 6, 5, 4, and 3, ANN requires 10, 20, 50, and 60 adaptive samples
respectively, while all 100 adaptive samples are used by kriging. For ex3 problem, ANN as well as
Kriging use the entire sampling budget at 5, 4, and 3 levels. In the sasenacon problem, kriging as
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well as ANN require 100 adaptive samples at all the levels considered. Overall, the proposed ANN
methodology uses the same or a smaller number of adaptive samples when compared to the Kriging
methodology at various levels of initial samples considered. This is particularly useful for
implementation of the methodology in identifying feasible regions for computationally expensive
problems.
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Figure 7.11 Comparison of number of adaptive samples required by ANN and Kriging based
methodologies for different levels of initial samples
To take a closer look at the performance of the methods, the accuracy metrics of the ANN and
Kriging surrogate models are also computed every 10 iterations. This also aids in evaluating effect
of adaptive sampling on the metrics. The Kriging and ANN CF%, CIF% and NC% evolution with
adaptive samples are plotted for the four test problems in Figure 7.12-Figure 7.15. Generally, the
metrics improve with the addition of adaptive samples i.e., CF%, CIF% increase and NC%
decreases. There may be oscillations in the trends which is the result of improvement in ability of
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the models to predict feasible regions as more samples are added. For example, in the Kriging based
implementation for the camelback problem the initial model predicts a large portion of the variable
space as feasible as noted by high CF%. However, this is an over-estimation of the feasible region
which reflects in the high initial NC% as well. As samples are added, CF% decreases as well as
NC% decrease i.e., the model recognizes infeasible regions as well. After 20 iterations, the CF%
begins to improve and the over-estimation of the feasible region is reduced as well. In addition, one
may observe slightly more oscillation in trends with the ANN based method when compared to
Kriging method. The oscillations in ANN based method can also be attributed to randomized nature
of the ANN i.e., the optimized ANN network parameters depend on the initial values of weights
and biases which are randomly chosen in contrast to the deterministic nature of model parameters
in the Kriging model. Overall, for two dimensional problems, the ANN based method performs
better than the Kriging based method in identifying feasible regions and with fewer adaptive
samples.

Figure 7.12 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for branincon (a) CF% (b) CIF% (c) NC%
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Figure 7.13 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for camelback (a) CF% (b) CIF% (c) NC%

Figure 7.14 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for sasenacon (a) CF% (b) CIF% (c) NC%

Figure 7.15 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for ex3 (a) CF% (b) CIF% (C) NC%

7.3.2

Higher dimensional test problems

The high dimensional standard test problems are listed in
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Table 7.2 and the formulated test problems are shown in Figure 7.5. Kriging and ANN based
methodologies are applied and compared for these problems as well. To build the initial model in
the initial model selection phase, Latin hypercube sampling scheme is used as it is known to provide
better space filling property when compared to grid sampling for high dimensional domain [102,
104]. If d is the dimension of the variable domain, 𝟐𝒅 samples are chosen to fit the initial surrogate
model. For problems with four or higher dimensions, exhaustion of 500 adaptive samples is chosen
as the stopping criteria. A higher number of adaptive samples are chosen when compared to the
two-dimensional test problems as high dimensional problems are considered difficult to solve and
are known to require large number of samples (curse of dimensionality). The accuracy of the
surrogate models is evaluated using untested samples in the variable space. For four, five and six
dimensional problems, 𝟕𝟒 , 𝟔𝟓 , 𝟓𝟔 points respectively are chosen through grid sampling. Table 7.4
lists the initial surrogate model and final surrogate model accuracy metrics for ANN and krigingbased methods. The ANN and Kriging based methods are also compared through computation of
the surrogate model accuracy metrics every 25 iterations to closely observe the effect of adaptive
sampling.
From the results, it is evident that the ANN-based method performs better than kriging in
identifying feasible regions. ANN model yields good performance with untested points even when
the initial surrogate model accuracy is considerably poorer than the initial kriging model. For
example, in the five-dimensional g4con test problem, the initial Kriging model identifies the
feasible points reasonably well (CF%: 83, CIF%: 95.85 and NC%: 12.4). The initial ANN model
for this test problem is unable to identify any of the feasible regions (CF%: 0, CIF%: 100).
However, with 500 adaptive sample points, the performance of the ANN model improves
significantly (ANN: 90.88 CF% and 4.45 NC%) and the performance of the final Kriging model is
worse than the final ANN model (Kriging: 86.23 CF% and 7.39 NC%). In the 6Dcomp problem,
the initial ANN model performance is very poor compared to the initial Kriging model. However,
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with addition of 500 adaptive samples, the final ANN model is able to identify significantly more
feasible points when compared to Kriging (ANN: 90.53 CF% and Kriging: 76.61 CF%). However,
this is also accompanied by an over-estimation of the feasible region by the ANN model (ANN:
11.73 NC% and Kriging: 7.97 NC%).
In the 4Dcomp problem, the initial ANN and Kriging surrogate model performance metrics are
comparable. At the end of 500 adaptive samples, the final ANN model accuracy metrics are better
than Kriging in the identification of feasible region as well as low over-estimation (ANN: 90.88
CF% and 4.45 NC%; Kriging: 86.23 CF% and 7.39 NC%). For the six-dimensional Hesse problem,
a lower initial ANN model performance is significantly improved through adaptive sampling
(Initial ANN: 45.89 CF%; Final ANN: 96.56 CF%). However, an over-estimation of the feasible
region is observed for this case when compared to the Kriging model (ANN: 5.76 NC%; Kriging:
0.79 NC%).
Table 7.4 Surrogate model accuracy metrics for high dimensional test problems

Figure 7.16-Figure 7.20 show trends of the surrogate model accuracy metrics every 25 iterations
for 4Dcomp, g4con, 6Dcomp and Hesse problems respectively. Similar to the two-dimensional test
problems some oscillations are seen in the trends for Kriging and ANN models. The oscillations
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observed in the first few iterations may be attributed to the unreliability of the surrogate model.
The initial surrogate model is unable to identify the feasible region as seen from the poor initial
CF% metrics in the g4con and Hesse problems. In the first few iterations adaptive sampling
explores the variable domain landscape to eventually identify more feasible regions. This is
particularly noticeable in the oscillations with first few iterations in the g4con test problem. From
here on, the adaptive sampling proceeds with exploitation phase where the focus is on identifying
the feasible region boundary with more accuracy. This also results in the oscillations being
eventually dampened as more samples are added. Also, the oscillations generally are more for the
ANN model which may be attributed to randomization effect of the ANN model building i.e.,
initialization of the ANN network parameters random in nature. The following section describes
the implementation of the ANN based methodology on a four-dimensional problem of the
continuous wet granulation process.

Figure 7.16 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for qcp4con (a) CF% (b) CIF% (C) NC%
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Figure 7.17 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for 4Dcomp (a) CF% (b) CIF% (C) NC%

Figure 7.18 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for g4con (a) CF% (b) CIF% (C) NC%

Figure 7.19 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for 6Dcomp (a) CF% (b) CIF% (C) NC%

Figure 7.20 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for Hesse (a) CF% (b) CIF% (C) NC%
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7.4 Design space of a continuous direct compaction process
In this section, the proposed methodology is applied to identify feasible regions in a continuous
direct compaction process. The performance of the methodology is also compared to the krigingbased methodology. The tablet manufacturing process via direct compaction route includes feeders,
blender, comill and tablet press units. In this process, the formulation ingredients are introduced
into the blender through the feeder units. The comill unit delumps the powder material before it is
introduced into the blending unit. The blended components are then compacted to form tablets in
the tablet press unit. A schematic of the continuous direct compaction process is shown in Figure
7.21. The process model representing the continuous direct compaction process is explained by
Wang, Escotet-Espinoza [12]. The unit operation models are briefly explained here.

Figure 7.21 Schematic of a continuous direct compaction process
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7.4.1

Unit process models

Feeder
In this work, the feeder model as given in Wang, Escotet-Espinoza [12] is used. A semi-empirical
equation was used to dynamically model the mass flowrate out of the feeder 𝐹𝑜𝑢𝑡 (𝑡) using 7.10,
where 𝜔(𝑡) is the screw speed; 𝑓𝑓(𝑡) is the feed factor, defined as the maximum mass of powder
fitting in a screw flight and is expressed in Equation 7.11, where 𝜌𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 is the effective density
of materials in the screw pitch with a volume 𝑉𝑆𝑐𝑟𝑒𝑤𝑃𝑖𝑡𝑐ℎ .

̇ (𝑡) = 𝑓𝑓(𝑡)𝜔(𝑡)
𝐹𝑜𝑢𝑡

7.10

𝑓𝑓(𝑡) = 𝜌𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 (𝑡)𝑉𝑆𝑐𝑟𝑒𝑤𝑃𝑖𝑡𝑐ℎ

7.11

𝑓𝑓 was found to be dependent on the amount of material in the hopper, as the effective density of
powder entering the screws is expected to change due to change in pressure exerted by static head
of the material above. This relationship was determined to be following a pseudo-first-order as
𝑠𝑎𝑡
𝑚𝑖𝑛
expressed in Equation 7.12, where 𝑓𝑓𝑙𝑒𝑣𝑒𝑙
is the saturated feed factor; 𝑓𝑓𝑙𝑒𝑣𝑒𝑙
is the minimum feed

factor; and 𝛽 is the feed factor exponential decay constant. These parameters are regressed from
experimental data and can be related to material properties such as bulk density, permeability,
compressibility, cohesion [220].

𝑠𝑎𝑡
𝑠𝑎𝑡
𝑚𝑖𝑛
𝑓𝑓(𝑊(𝑡)) = 𝑓𝑓𝑙𝑒𝑣𝑒𝑙
− 𝑒 −𝛽𝑊(𝑡) (𝑓𝑓𝑙𝑒𝑣𝑒𝑙
− 𝑓𝑓𝑙𝑒𝑣𝑒𝑙
)

7.12
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Blender
In this work, the mass balance in the blender is modeled assuming the hold up in the blender reaches
a steady state asymptotically i.e., it follows a first-order. The flowrate out of the system, which is
used as an input in the downstream unit, can thus be modeled as given in Equations 7.13 and 7.14,
where, the parameters 𝑛, 𝜏, 𝑀𝑠𝑠 depend on inlet flowrate and blade speed, and are estimated from
experimental data.

𝜏̅

𝑑𝑀(𝑡)
+ 𝑀(𝑡) = 𝑀𝑠𝑠
𝑑𝑡

𝑑𝑀(𝑡)
𝑡𝑜𝑡𝑎𝑙
𝑡𝑜𝑡𝑎𝑙
= 𝑀𝑖𝑛
− 𝑀𝑜𝑢𝑡
𝑑𝑡

7.13

7.14

Comill
The comill model considered here includes a mass balance equation and first order holdup
dynamics similar to the blender model. The time constant that defines the holdup evolution is
modeled to depend on the comill speed and flow rate of powders as given in Equation 7.15 . Here
𝜔 refers to the mill impeller speed, and the parameters 𝑎 and 𝑏 are estimated using experimental
data.

𝜏 = 𝜏𝑚𝑎𝑥 (1 − exp (−

𝑎
𝑏
− 𝑡𝑜𝑡𝑎𝑙 )
𝜔𝑐𝑜𝑚𝑖𝑙𝑙 − 𝜔𝑚𝑖𝑛 𝑀𝑖𝑛

7.15

Tablet press
The tablet hardness is modeled using the Kuentz-Luenberger equation as given in Equations 7.16
and 7.17 where 𝜌𝑟 is the relative density. The parameters 𝜌𝑟,𝑐𝑟 and 𝐻𝑚𝑎𝑥 are to be fitted from
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experimental data. Escotet-Espinoza, Vadodaria [87] estimated these co-efficients from
experimental data and developed empirical equations to relate these parameters to the original blend
properties.

𝐻 = 𝐻𝑚𝑎𝑥 ( 1 − exp (𝜌𝑟 − 𝜌𝑟,𝑐𝑟 + 𝜆𝐻 )

7.16

1 − 𝜌𝑟
𝜆𝐻 = ln (
)
1 − 𝜌𝑟,𝑐𝑟

7.17

Overall, the unit process models are used to develop a flowsheet model representing the direct
compaction process using MATLAB™ platform.

7.4.2

Feasibility problem for the continuous direct compaction process

The critical process parameters namely API and excipient flow rates, comill impeller speed, blender
blade speed and tablet press fill depth and tablet thickness set point are considered as uncertain
parameters. These are chosen as the variables for the feasibility problem based on sensitivity
analysis performed by Wang, Escotet-Espinoza [12] that identifies these as the critical variables
and aid sin reducing the dimensionality of the problem to few key variables. The lower and upper
bounds of these are listed in Table 7.7. The constraints defining the feasibility problem are listed
in Table 7.8. Overall, this is a six-dimensional problem with 20 inequality constraints, which is
solved using the ANN-based as well as the kriging-based feasibility analysis methodology. 26 Latin
Hypercube samples are used in the initial model selection phase. For the ANN method, the initial
samples are used and the number of hidden neurons are varied in the initial model selection phase.
8 hidden neurons yield the least sum of squared errors between predicted and target feasibility
function values. 500 samples are iteratively added using the adaptive sampling strategy. In terms
of the metrics for the model accuracy, 56 samples chosen as five level grid samples are tested using
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the original model as well as the surrogate models. Subsequently, metrics are computed as
explained in Section 7.2. The ANN-based methodology yields 92.7 CF%, 99.8 CIF% and 3.1 NC%
compared to 71.6 CF%, 99.7 CIF% and 6.7 NC% obtained from the kriging-based methodology.
It is evident that the proposed ANN-based methodology performs significantly better than the
kriging-based methodology. In addition to the metrics at the end of adaptive sampling, the metrics
are also computed for every 25 adaptive samples added and plotted as shown in Figure 7.22. The
plots show that with the addition of adaptive samples, the performance of the ANN as well as
kriging models improve. The ANN model is able to capture significantly more feasible regions
when compared to the kriging model, which is also accompanied by over-estimation of the feasible
regions. However, with the addition of samples, the accuracy of the feasible region boundaries is
improved and the over-estimation reduces to a level that is comparable to the conservativeness
from the kriging model.
Since this is a high dimensional problem, visualizing the feasible region is a challenge. This is
represented using a matrix of contour plots of feasibility function values as shown in Figure 7.23.
For each contour plot, only two factors are varied and the remaining two factors are set at operating
values. The feasible region boundary predicted by the final ANN model is represented using a red
line. Feasible region boundary from the original process model is also plotted using a red dashed
line. Good agreement between the original and predicted feasible regions is evident. Based on the
feasible region plotting, it can also be interpreted that fill depth and tablet thickness settings should
be carefully controlled in the tablet manufacturing process followed by mill impellor speed. The
process is largely feasible in the ranges of API and Excipient flow rates, blender blade speed
considered.
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Table 7.5 Variable bounds for the continuous direct compaction process feasibility case study

Table 7.6 Constraints for the continuous direct compaction process feasibility case study

Figure 7.22 Comparison of ANN and Kriging model accuracy validation metrics by number of
adaptive samples for the direct compaction process model (a) CF% (b) CIF% (C) NC%
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Figure 7.23 Matrix of feasibility function contour plots representing the feasible region of the
continuous direct compaction process case study (Feasible region boundary from the original model
and predicted by the ANN model are represented as red dashed lines and red solid lines
respectively)

7.5 Design space of a continuous wet granulation process
In this section, the effectiveness of the proposed ANN based metholody in the continuous wet
granulation manufacturing process is illustrated. The tablet manufacturing process via continuous
wet granulation route is explained in detail in Chapter 6. Briefly, in this process, the formulation
ingredients in powder form are blended and introduced as feed to a granulation unit. Liquid binder
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is added to the granulation unit which aids in the production of uniform granules. The wet granules
are dried in a fludized bed drying unit through contact with hot air for a certain duration. These
granules are subsequently broken to smaller sizes in a comilling unit through the action of a rotating
impeller. The smaller sized granules are compacted to produce tablets in a tablet press unit. A
schemtic of the continuous process used in this work is shown in Figure 7.24. For this work, the
twin screw granulator, fludized bed dryer, mill and tablet press units are considered. The unit
operations simulated by the process models are developed and validated with experimental data
and are explained in detail in Chapter 6. The models are briefly explained here.

Figure 7.24 Schematic of a continuous wet granulation process

7.5.1

Unit process models

Twin screw granulation
The change in particle size distribution of the powder blend is modeled using a population balance
modeling (PBM) approach as described by Van Hauwermeiren, Verstraeten [221] and given in
Equation 7.18. Mass flow rate of powder, twin screw speed and liquid to solid ratio (also known
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as binder addition rate) are modeled to impact granule aggregation and breakage. Change in number
of particles n of size x at time t is modeled through an aggregation kernel 𝛽(𝑡, 𝑥, 𝜖) , a breakage
selection function 𝑆(𝜖) and breakage distribution function 𝑏(𝑥, 𝜖) where 𝜖 is the volume of the
breaking particle. The parameters in the model are linearly related to the process variables i.e.,
powder mass flow rate, twin screw speed and liquid binder addition rate.

𝛿𝑛(𝑡 , 𝑥)
1 𝑥
= ∫ (𝑡 , 𝑥 − 𝜀 , 𝜀)𝑛 (𝑡 , 𝑥 − 𝜀)𝑛(𝑡 , 𝜀) 𝑑𝜀
𝛿𝑡
2 0
∞

− 𝑛 (𝑡 , 𝑥) ∫ 𝛽 (𝑡 , 𝑥 , 𝜀)𝑛 (𝑡 , 𝜀)𝑑𝜀

7.18

0
∞

+ ∫ 𝑏 (𝑡 , 𝑥 , 𝜀) 𝑆 (𝑡 , 𝜀) 𝑛(𝑡 , 𝜀) 𝑑𝜀 − 𝑆 (𝑡 , 𝑥)𝑛(𝑡 , 𝑥)
𝑥

Fluidized bed dryer
The fluidized bed dryer consists of six dryer cells which are subjected to cycles of filling of granules
from granulator, drying through hot air and emptying to milling unit. The drying model used in this
work predicts properties of batch of granules based on single granule drying kinetics for one dryer
cell. The mass transfer rate of liquid layer 𝑚̇𝑣 around the granule to the surrounding hot air is given
by Equation 7.19, where ℎ𝐷 , 𝜌𝑣,𝑠 and 𝜌𝑣,∞ are the mass transfer co-efficeint, partial vapor density
over the droplet surface area 𝐴𝑑 , partial vapor density in the ambient air repectively.

𝑚̇𝑣 = ℎ𝐷 (𝜌𝑣,𝑠 − 𝜌𝑣,∞ ) 𝐴𝑑

7.19

After this layer of liquid is dried, the remaining moisture is assumed to be a sphere referred to as
the wet core. The mass tranfer rate in this stage is given by Ghijs, Schäfer [193]. The affect of dryer
air temperature and the duration of drying are included in the model using an energy balance. For
each dryer cell, the properties of the batch of granules are mass averraged over the filling time in
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the dryer. The dried granules are transported to the succeeding comilling unit through a tube
pneumatically. Breakage was observed to occur during this transport which is modeled using a
population balance model. 7.18 with only the last two terms in the right hand side are applicable
here as aggregation does not occur.
Mill
Milling operation which constitutes breakage of granules through a rotating impeller and exit of
granules through a screen is modeled using a hybrid modeling appraoch [164]. A PBM is used to
simulate the breakage behavior in the mill and a partial least squares (PLS) model is used to predict
granule quality attribuites such as bulk density and tapped density. The mass based population
balance model used is given in Equation 7.20, where 𝑀(𝑤, 𝑡) represents the mass of particles of
volume 𝑤 at time t, 𝑅𝑓𝑜𝑟𝑚 and 𝑅𝑑𝑒𝑝 represent the rates of formation and depletion of particles
respectively. 𝑀̇𝑖𝑛 and 𝑀̇𝑜𝑢𝑡 are the mass flow rates of particles entering and exiting the mill
respectively. 𝑅𝑓𝑜𝑟𝑚 and

𝑅𝑑𝑒𝑝 are modeled using a breakage kernel 𝐾(𝑤) and a breakage

distribution function 𝑏(𝑤, 𝑢) where w and u are the volumes of the parent and daughter particles
respectively. The breakage kernel 𝐾(𝑤) and mass flow rate exiting the mill 𝑀̇𝑜𝑢𝑡 are modeled as a
function of impeller speed.

𝑑𝑀(𝑤, 𝑡)
= 𝑅𝑓𝑜𝑟𝑚 (𝑤, 𝑡) − 𝑅𝑑𝑒𝑝 (𝑤, 𝑡) + 𝑀̇𝑖𝑛 (𝑤, 𝑡) − 𝑀̇𝑜𝑢𝑡 (𝑤, 𝑡)
𝑑𝑡

7.20

The PBM is thus used to predict milled granule size distribution. The PLS model is an empirical
modeling approach used to predict the milled product bulk density and tapped density, using the
granule size distribution and moisture content as inputs.
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Tablet Press
Tensile strength of the tablet is modeled using Equation 7.21 [84], where 𝜌𝑟𝑒𝑙 is the relative density
of the material defined as the ratio of volume of solid in the tablet and geometric volume of the
tablet. Here, 𝜌𝑐 is the crtitcal density of the material and 𝜎𝑚𝑎𝑥 is the maximum achievable tensile
strentgth. These are obtained through empirical correlations with span of the milled material and
moisture content.

𝜎 = 𝜎𝑚𝑎𝑥 [ 𝜌𝑐 − 𝜌𝑟𝑒𝑙 − ln (

1 − 𝜌𝑟𝑒𝑙
)]
1 − 𝜌𝑐

7.21

The hardness values H are related to tablet tensile strength and tablet and tooling dimensions
(thickness T, width W, punch cup depth D) using the Equation 7.22 [196]. The tablet press is
operated using a weight control mode.

𝜎 =

−1
10𝑁
𝑡
𝑡
𝑊
(2.84
−
0.126
+
3.15
+
0.01
)
𝜋𝐷 2
𝐷
𝑊
𝐷

7.22

The process models described are used to devleop a flowsheet model where relevant information
is tranferred from a unit model to the downstream units. The flowsheet model is developed in
gFormulatedProducts [222] and takes approximately 4.5 minutes to reach steady state.

7.5.2

Feasibility problem for the continuous wet granulation process

The flowsheet model simulating the continous wet granulation process can be used to capture and
study the effects of several process variables. Techniques such as sensitivity analysis can be applied
to the flowsheet model for identifying the critical process parameters. The feasible region is then
identified considering the chosen critical process parameters as the variable space. For this work,
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the factors used to define the feasibility problem are listed in Table 7.7. These factors are chosen
based on results of sensitivity analysis performed and published in Metta, Ghijs [219]. Specifically,
the factors liquid to solid ratio (LS ratio), dryer air temeprature (𝑇𝑒𝑚𝑝𝑑𝑟𝑦𝑒𝑟 ), drying time
(𝑇𝑖𝑚𝑒𝑑𝑟𝑦𝑒𝑟 ) and mill impeller speed (𝑅𝑃𝑀𝑀𝑖𝑙𝑙 ) are considered. The bounds on these variables,
considered as +/- 5% of the operating values are also listed in the table. The process constraints
that define the feasibile region are listed in Table 7.8. Constraints related to the quality of the
granules such as size (𝑑10 , 𝑑50 , 𝑑90 ), moisture content and density are considered. The final tablet
hardness value is allowed to vary upto 5% i.e., (84.9 N-93.8 N) from the targeted value of 89.4 N.
The feasibility analysis problem thus formulated is solved using the proposed ANN based
feasibility analysis methdology. The problem is four-dimensional and has 13 black-box constraints.
24 samples from a Latin hypercube sasmpling scheme are used to build the initial ANN model. As
adaptive sampling points are identified, the flwosheet model is called to the MATLAB environment
using gOMATLAB. A stopping criteria of 300 adaptive samples is chosen considering the
computational expense of the flowhseet model. Due to the high computational expense of the
flowsheet model, only 44 (= 256) grid samples are run in order to be used as validation points.
The feasibility analysis algorithm thus implemented takes approximately 36 h to complete using 3
cores. After exhaustion of the sampling budget, the final ANN model the feasibility metrics are
98.75 CF%, 98.29 CIF% and 3.65 NC%. Since this is a high dimensional problem, the feasible
region is represented using a matrix of contour plots of feasibility function values shown in Figure
7.25. For each contour plot, only two factors are varied and the remaining two factors are set at
operating values. The feasible region boundary predicted by the final ANN model is represented
using a red line. To aid visual analysis of the accuracy of the surrogate model, feasible region
boundary from the original flowsheet model for 𝑇𝑖𝑚𝑒𝑑𝑟𝑦𝑒𝑟 and 𝑇𝑒𝑚𝑝𝑑𝑟𝑦𝑒𝑟 contour plot is also
plotted using green dasched line. This is identified using 202 runs of the original process model
with only 𝑇𝑖𝑚𝑒𝑑𝑟𝑦𝑒𝑟 and 𝑇𝑒𝑚𝑝𝑑𝑟𝑦𝑒𝑟 as the variables. It is evident that the feasible region boundary
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predicted by the ANN model agrees very well with the feasible region boundary per the original
flowsheet model. In addition, a better udnerstanding of the feasible region can be achieved by
observing the matrix of contour plots. The process is feasible for the range of mill impeller speed
considered. Dryer temperature is an important factor that needs to be controlled well for the process
to remain in fesible region. Also, the drying time needs to set based on the dryer air temperature
and LS ratio in the granulator. The ranges of feasible operation can thus be easily obtained and
understood. In addition, the ANN surrogate model is computationally inexpensive and can be used
to test feasibility of operation at desired combinations of the variables.
Table 7.7 Variable bounds for the continuous wet granulation process feasibility case study

Table 7.8 Constraints for the continuous wet granulation process feasibility case study
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Original model
Surrogate model, ANN

Figure 7.25 Matrix of feasibility function contour plots representing the feasible region of the
continuous wet granulation process case study (Feasible region boundary from the original model
and predicted by the ANN model are represented as green dashed line and red line respectively)

7.6 Summary
In this work, a novel ANN based methodology is proposed. The methdology utilizes an adaptive
sampling technique to identify feasible regions of processes treated as a black-box. The adaptive
samples are identified through the maximization of a modified Expected Improvement function.
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This requires estimation of the ANN model prediction variance which is estimated using a
statistical approach, Jack-knifing. The adaptive sampling allows exploration of the variable space
to identify feasible regions and exploitation of the regions to identify the boundaries more
accurately. The proposed ANN- based methdology performs better than the Kriging based approach
in identifying the feasible region boundaries for two dimensional as well as high dimensional
problems. For low dimensional problems, the ANN-based methdology requires lesser or
comparable number of adaptive samples than the kriging-based methdology. The accuracy of the
identified feasible region boundary is also better for the tested low dimensional problems. For high
dimensional problems, the ANN-based methodology performed better than the kriging-based
approach for classifying feasible points. The effectiveness of the ANN based methodology is also
tested to a realistic pharmaceutical process of a continuous wet granulation that is simulated using
a computationally expensive model where constraints are not available in closed form. The
proposed ANN-based methdology accurately identifies the feasible region boundary with limited
number of samples.
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Chapter 8
Conclusions and future work
In this dissertation, several modeling approaches for simulating pharmaceutical drug product
manufacturing processes are explored. The strengths of the individual approaches are captured
through development of a hybrid modeling framework for a milling process. Several unit process
models are integrated to develop a flowsheet model representing the continuous wet granulation
pharmaceutical manufacturing process. Process systems engineering tools such as sensitivity
analysis and feasibility analysis are implemented to identify the critical process parameters and
design space of the process. An efficient methodology to identify design space of high dimensional
and computationally expensive models is proposed and applied to the integrated process models.
An outline of the major contributions in this dissertation is given below. Following this,
recommendations on areas that need further research focus are given.
•

A multi-scale DEM-PBM model which incorporates particle scale information and the
effect material properties is developed for a continuous milling process (Chapter 3). The
model also accounts for the effect of mill geometry such as screen thickness, aperture size
and impeller design. The framework replaces a model that uses an empirical kernel. A
methodology to identify the material specific kernel parameters in the model is proposed.

•

Computational limitations from inclusion of a high fidelity DEM model is addressed
though the development of a surrogate model-PBM framework for a continuous milling
process (Chapter 4). The improvement in computational expense is drastic as a DEM
simulation takes days to run whereas the developed surrogate model takes few seconds.
The hybrid model is implemented in an integrated mill and tablet press model, thus
demonstrating its practical applications.

250
•

For a milling process, a framework to predict particle size distributions as well as other
CQAs such as bulk and tapped densities is developed using a comprehensive PBM-PLS
hybrid modeling approach (Chapter 5), where the parameters are identified using
experimental data. The hybrid model addresses the need to predict the bulk properties as
they affect flowability, segregation and tabletability of granules in the downstream tablet
press compaction process.

•

An integrated process model simulating a plant scale continuous tablet manufacturing
process through wet granulation is developed (Chapter 6). The flowsheet model is based
on models that are developed from experimental runs on units included in the continuous
line using the same formulation and materials. The model is used to successfully
demonstrate the effect of changes in the process variables on product properties through
case studies. The model is also used to identify critical process variables that affect
intermediate and final product quality. Overall, the developed flowsheet model is a
prerequisite for identification of design space and optimization of the continuous line.

•

A neural network based adaptive sampling methodology is developed (Chapter 7) to
identify design space of low as well as high dimensional problems. The methodology is
shown to be more efficient and accurate than a kriging-based approach for several test
problems and case studies. The methodology is successfully applied for identifying the
design space of integrated pharmaceutical process models including the flowsheet model
developed in Chapter 6. The models are high dimensional, computationally expensive and
do not have constraints in closed form, which are considered difficult to solve.

Based on the extensive research in this dissertation, below are few recommendations on the
directions in which future research work could be focused on:
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•

The research work in this dissertation focused on incorporating the effect of material
properties on the breakage kernel of a PBM. The other elements in the PBM such as the
form of the distribution function (eg., normal distribution, log-normal distribution,
specialized distributions) are still chosen on a heuristic basis. Research work on
establishing a mechanistic basis for the choice of distribution function is an important area
that merits focus.

•

Currently, the DEM-PBM or the SM-PBM framework established in this dissertation is
based on one-way coupling, i.e., DEM simulations are run for a specific amount of time
and mechanistic data is used as input to the PBM. The idea is to include the effects of
proximity of particles to the screen. It is interesting to compare this performance to a twoway coupling approach [223], where DEM simulations are run for a fixed time step. The
required mechanistic data is given as input to the PBM and particle size distribution is
updated at the end of the time step through the PBM. The updated particle size distribution
can be used as input to the DEM simulations again at the end of every time step. The
coupling approach is expected to be cumbersome and does not capture the effects of
particle positioning relative to the screen on the particle population inside the mill.
However, the computational burden on the DEM simulations is lowered due to absence of
breakage implementation. A trade-off between computational burden and the effect of the
particle proximity to the screen on the results can be explored.

•

In this dissertation, artificial neural network models are used as the surrogate model for
implementing the feasibility analysis methodology using adaptive sampling. An important
aspect of this methodology is the use of a statistical approach for estimation of surrogate
model prediction uncertainty. This is interesting as the methodology for variance
estimation is independent of the type of surrogate model used. This allows exploring other
surrogate models for identifying the feasible region.
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•

The feasibility analysis methodology proposed in this dissertation is tested on deterministic
scenarios i.e., the original process model does not consider probabilistic uncertainties that
may be associated with the model parameters. In stochastic scenarios, several model
evaluations may be needed to map the feasible region boundaries as well as variance in the
process responses. Further work is required to evaluate the applicability of the ANN model
in such cases.

•

Another area of research focus includes determination of a suitable stopping criteria for the
feasibility analysis methdology. Currently, a fixed sampling budget is used as the stopping
criteria. An alternative stopping criteria that is based on model performance would help
choose the number of samples needed on the basis of the problem to be solved.
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