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dr.ir. J.J.M. Janssen

Het onderzoek of ontwerp dat in dit proefschrift wordt beschreven is uitgevoerd
in overeenstemming met de TU/e Gedragscode Wetenschapsbeoefening.



Dedicated to my beloved family...



A catelogue record is available at the library of the Technical University of Eindhoven

Dubbelboer, Arend

Towards optimization of emulsified consumer products; modeling and optimization of sensory
and physicochemical aspects

ISBN: 978-94-6259-991-8



Towards Optimization of Emulsified Consumer
Products

Modeling and Optimization of Sensory and Physicochemical
Aspects

Summary

Many of the products which people daily consume are emulsions; think for example about butter,
margarine, mayonnaise, milk, cream, salad dressing or ice cream. The structure of these types of
products is crucial for the perception of the consumer and hence for the success of the product.
Optimization of emulsified consumer products with respect to the sensory perception is the main
objective of the work reported in this thesis. Before anything can be optimized a mathematical
model describing the relationship between the desired responses and the control variables is
indispensable. The control variables are the product recipe on the one hand and the processing
options on the other hand. The response variables are the scores on sensory attributes given by
a tasting panel. The main focus is on the mouth feel attributes which involves the structure of
the emulsified products experienced in the mouth by the consumer. This thesis will give insight
into the physical and chemical emulsion properties and how they are influenced by the recipe
and operational conditions. In addition, mathematical models will be presented which attempt to
quantify all physicochemical properties which describe the micro- and macro structure as well as
the chemical composition of the emulsified products. Finally the models will be integrated with
sensory models to predict the sensory response to changes in the recipe and operational settings
for pilot scale production.

The droplet size distribution is a key property influencing many structural aspects of the emulsion
such as the parameters describing the rheology. The droplet size distribution is controlled by the
mixing conditions and the recipe. Chapter 2 presents a model which estimates the droplet size
distribution under various hydrodynamic conditions for dilute emulsions. For a high pressure ho-
mogenizer a compartmentalized model delivers more accurate predictions than a model without
compartments. The compartments were defined in the region of high energy dissipation within
the mixer. This approach is physically more realistic than fully integrated population balance
equations with computational fluid dynamics and is computationally less exhaustive.

For concentrated emulsion products, such as mayonnaises, the viscosity is strongly shear thin-
ning. In Chapter 3 a method will be presented to determine the mean field viscosity of the
emulsion at shear rates which are typically encountered in the mixer. The parameters describ-
ing the macroscopic emulsion viscosity depend on the average droplet size, the size distribution
and the volume fraction of the dispersed phase. A population balance model was formulated
for a two-way coupling of an emulsification process for mayonnaise production. The two-way
coupling involves the simultaneous modeling of the droplet size distribution and the mean-field
viscosity. The model was validated with experimental data from a pilot scale production facility.
Three mayonnaises with varying oil concentration were made and processed in a colloid mill.
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The operational variables were the mixer rotor speed, the gap between the rotor and stator, and
the flow rate. In the design of experiments the operational variables were converted into shear
rate and residence time which decreased the number of independent variables.

The texture attributes obtained by penetrometry analysis correlate well with sensory attributes.
Furthermore, most factories producing liquid foods or pastes use penetrometry devices for qual-
ity control. A penetrometer pushes a solid object into a product and measures the resistance to
deformation or flow. Chapter 4 presents methods which show how to extract relevant rheologi-
cal parameters from a series of penetrometry tests. Therefore various fluids, from Newtonian to
thixotropic viscoplastic liquids, were characterized by conventional rheometry. The same fluids
were also subject to measurements with the penetrometer. The probe of the penetrometer was a
grid comprising of woven metal cylinders. This complex geometry of the probe made it impossi-
ble to accurately compute the stresses on the surface. Nonetheless the equilibrated resisting force
was compared to drag flow correlations from literature. The probe was simplified in a CFD sim-
ulation which provided a correlation from which the rheological parameters could be extracted.
The viscosity of Newtonian liquids was determined satisfactorily from these correlations. Like-
wise the flow index of shear thinning materials could be computed relatively well. The yield
stress was determined best from the flow curves obtained by the penetrometer.

In the search for robust models to estimate sensory scores of emulsified products from physical
and chemical properties, a model selection procedure will be presented in Chapter 5. The mod-
eling was deemed purely statistical since no physical meaning could be ascribed to the model
parameters. From a range of statistical models a model was selected which delivered the best
estimate for a cross validation data set. An artificial neural network with two neurons in the hid-
den layer was selected. The model was compared to panel scores from an externally published
source and it was able to reproduce the observed trends for three of the four sensory attributes.

The last chapter combines models for oil droplet size distribution and rheology as well as the pen-
etrometry models to obtain a mathematical framework for the estimation of the sensory attributes
of full fat mayonnaises. The framework was extended with correlations needed to estimate the re-
maining physicochemical properties of mayonnaises to be produced. A local sensitivity analysis
was performed on the framework for three different mayonnaises which varied in oil content (65,
70 and 75 wt%). The results of the sensitivity analysis demonstrate that the sensory perception
is more sensitive to small changes in the processing variables than to changes in the formula-
tion (ingredient mass fractions). The framework can be used to generate a theoretical recipe for
mayonnaise production at a pilot scale production facility. In other words, the framework calcu-
lates the ingredient mass fractions and operational settings which maximizes a desired sensory
attribute. Two industrially relevant case studies were formulated to test the framework. In case
study 1 the creaminess scores were optimized while the oil fraction was limited to 0.65 w/w.
An increment of 16 % was realized by changing all other input variables. In case study 2 the
production rate was maximized for the mayonnaise formulated in case study 1 without affecting
the sensory scores. The mouth feel attributes changed by less than 5 % and product creaminess
went down by 3 % upon maximizing the throughput.

A highly extensible framework will be presented in this thesis which aims at the mathematical
optimization of the sensory perception of emulsified products. In principle, the approach is
applicable to any consumer product. The mathematical framework is a tool for the product
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developer which enables him or her to make faster decisions, limiting experimental resources and
exploring new routes to manufacture a product by either changing the ingredient composition,
the operational settings or both.
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1 Introduction

Optimization refers to finding the best possible solution out of a set of many possible alterna-
tives. This search should be performed in an efficient and systematic manner. The optimization is
achieved by changing the variables which have an influence on the desired outcome, the so-called
control- or decision-variables. The outcome can be the total costs, product quality, or environ-
mental impact; and should be described by a mathematical function (referred to as the objective
function). It depends on the application whether the objective function should be maximized or
minimized. The result of an optimization study is then a set of control variables which gives the
best possible solution.

Emulsions are part of everyday life. When you wake up in the morning and look at the ceiling
you will probably not realize that it is covered by an emulsion based latex paint. Then when you
step into the bathroom you will encounter emulsions everywhere. You might be using shampoo,
skin cream or toothpaste. And when you go for breakfast you could be drinking a glass of
milk and spread some margarine over your bread. The quality and hence the success of these
types of products is determined by the taste, odor, structure, appearance etc. Many emulsified
consumer products have formulations with many components adding various tastes, odors and
functionalities. However, the desired structure is generated during processing of the components.

In a manufacturing process the product is transported, sheared and exposed to temperature
changes. These phenomena alter the micro structure, e.g. by droplet breakup and deformation,
coalescence, crystallization, alignment of fibers and/or macro molecules. The spatial arrange-
ment of ingredients shape the macroscopic perception of the structure. Moreover, with specific
arrangements of ingredients the release of flavors and nutrients can be controlled. Also the prod-
uct structure influences the scattering or reflection of light which affects the appearance of the
product. Besides product formulation, the process operation and design variables have a marked
impact on the micro structure of the product. Since the micro structure is largely accountable for
the performance of the product, the entire decision making in formulation and processing will
affect the product quality.

The main objective of the work reported in this thesis is to develop a framework which includes
the tools needed to perform optimization of emulsified consumer products. An essential require-
ment for optimization is a mathematical function describing the relationship between the desired
output, e.g. well defined sensory perceptions; and the control variables such as product formu-
lation and operational settings. The results reported in this thesis will show that the progress
made in the area of emulsification allows us to start quantifying the effects of the formulation

11



Chapter 1. Introduction

and processing decisions on the product’s micro structure. Simultaneously, the advancements in
the area of emulsion rheology enable us to make a link between the emulsion micro structure
and the macroscopic emulsion properties with respect to rheology and mouth feel. The thesis
will demonstrate that most of the macroscopic properties are quantifiable and are therefore able
to be captured in a mathematical model. The mathematical functions will either be of mechanis-
tic or statistical nature. Section 1.1 briefly discusses the methods encountered in literature used
for modeling and optimization of the sensory attributes. The modeling of sensory attributes is
mainly statistical but the approach presented in this thesis aims to include as much mechanistic
models as possible. Section 1.2 describes shortly the physics of emulsified consumer goods and
the commonly used modeling techniques. The last section of the thesis introduction gives an
outline of the thesis.

1.1 Modeling and optimization of sensory attributes

Since the second half of the twentieth century, when mathematical optimization became feasi-
ble, the food industry attempts to optimize the sensory perception of food products (Moskowitz,
1993). Recent examples are optimization of the sensory perception of food products by chang-
ing the composition of the ingredients for soy-based desserts (Granato et al., 2010), wheat chips
(Kayacier et al., 2014) or honey drinks (Karaman et al., 2011). Other research attempted to opti-
mize the sensory attributes by changing the processing conditions for frying sweet potato (Esan
et al., 2015), chopping of meat (Curt et al., 2004) or producing chicken meat from caruncles
(Singh et al., 2015). The approach used in these optimization studies was generally as follows:
(1) Through experimental design the researcher creates a set of product prototypes using rel-
atively small variations in the recipe and/or processing conditions, these are referred to as the
control variables. (2) Relevant sensory attributes are defined which are product specific (see
Fiszman et al. (2015) for a review of the latest methods). The sensory attributes are then referred
to as the response variables. (3) The products are rated on the sensory attributes by a trained
panel; here the response variables are quantified. There are a handful of methodologies available
to quantify the sensory attributes such as Quantitative Descriptive Analysis (QDA) or The Spec-
trum Method, see Murray et al. (2001) for an overview. (4) A statistical correlation is obtained
between the panel scores of sensory attributes and the ingredient fractions and/or processing set-
tings. A technique often used is Response Surface Methodology (Arteaga et al., 1994; Parlak
et al., 2011; Jayabalan and Karthikeyan, 2012; Chattopadhyay et al., 2013). (5) The models are
used to optimize the desired sensory response via systematic variation of the product formulation
and/or operational settings.

The five-step approach outlined in the previous paragraph delivers a black-box model which re-
lates the design variables to the responses. This approach does not give any insight into the
physical and chemical interactions which influence the micro structure of the product and eas-
ily fails outside the ranges of the experimental design. It is generally assumed that a change in
physical or chemical product properties should result in a different sensory response (Malone
et al., 2003a,b). In other words, the sensory attributes are a function of the physicochemical
product properties. These physicochemical properties characterize the product’s micro structure,
rheology and chemical composition and they are in turn a function of the formulation and pro-
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1.1. MODELING AND OPTIMIZATION OF SENSORY ATTRIBUTES

Physicochemical
properties

Sensory 
attributes

Consumer 
liking

Process

Formulation

Droplet size distribution, 

rheology, pH, ionic 

strength etc

Thickness, creaminess, 

stickiness, etc… 

determined by panel

Overall product liking, 

cultural, geographic and 

seasonal dependence

Operational variables,

equipment design, 

process design

Ingredient mass fractions

GLOBAL LOCAL

Figure 1.1: Optimization framework where the consumer liking is a function of the sensory attributes; the
sensory attributes are influenced by the physicochemical product properties which are in turn a function of
products recipe and processing conditions

cessing of the ingredients i.e. ingredient mass fractions, operational variables, choice and design
of equipment. In the diagram of Figure 1.1 the interactions which influence consumer liking are
outlined for emulsified products.

It has been advocated that consumer liking should be included in the early stages of product and
process design (Almeida-Rivera et al., 2007; Bongers, 2008). Increasing the liking of consumer
products, however, is extremely difficult, because it is an variable which is not easy to quantify
and control. Consumer liking is highly dependent on culture, geographical origin and season-
ality. Moreover, individual consumer liking can change over the course of time. It is therefore
useful to define sensory attributes which are not dependent on culture or seasonality. Sensory
attributes are the sensory characteristics of any product by which the consumer or panelist ver-
balizes their perception (Fiszman et al., 2015). The sensory attributes make up the consumer’s
sensory vocabulary in terms of e.g. taste, odor and appearance without stating whether the prod-
uct is liked or not. To be able to control and optimize the sensory perception of a product is not
only valuable from an academic point of view, but it is very useful for the industry.

The system of study is the box marked ’Global’ in Figure 1.1, without considering ’Consumer
liking’. The boxes inside this system are connected by applying mechanistic and statistical mod-
eling tools. Mechanistic modeling involves the mathematical description for the outcome of an
experiment in terms of the underlying physics or chemistry. This is in contrast to statistical or
empirical models which require only a causal relationship between the input variables and the
responses. This relation can be linear, quadratic or variable such as in Artificial Neural Net-
works. The parameters in the statistical models are merely numbers with no physical meaning
attached to them, at most they capture a combined effect. The statistical models require a sig-
nificantly larger data set for model building and validation, because mechanistic models already
assume a model structure which is determined by the physics or the chemistry of the process.
In general, mechanistic models are preferred because they provide more realistic predictions and
a better understanding of the causal relationship. Also the physical basis allows more reliable
extrapolation and the model boundaries are better known on the basis of the assumptions made
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Chapter 1. Introduction

in the model. However, mechanistic models can contain a number of empirically determined
parameters. This is more a rule than an exception in the field of emulsification. For example: the
renowned suspension viscosity model of Krieger and Dougherty (Krieger and Dougherty, 1959)
which is given here, contains two free parameters which have a physical meaning.

ηr = (1− φ

φmax
)
−[η]φmax

. (1.1)

In equation 1.1 ηr is the relative suspension viscosity, φ is the dispersed phase volume fraction,
φmax is the maximum packing fraction of hard spheres and [η] is the intrinsic viscosity1. The
parameters φmax and [η] are often empirically determined and hence serve as free parameters.

In mechanistic modeling the number of parameters which need to be determined from experi-
ments is often limited to one or six at most. The model will generally fit the data better when
more fit parameters are used. The pitfall is that the model will not work outside the experimental
ranges and the uncertainty in the proposed physics grows. For engineers there is a delicate bal-
ance between the number of free parameters in a model and the ability of the model to generalize
the observed trends. Even for statistical models the number of free parameters is limited, because
the model with unlimited parameters will fit the experimental noise in the data and hence fails
to describe a validation set. This is a theme which will resurface in almost every chapter of this
thesis.

1.2 The physics of emulsified consumer products

Many of the products which people daily utilize and consume are based on emulsions; think for
example about milk, margarine, mayonnaise, ice cream, skin cream, and shampoo. Emulsified
consumer products are characterized as multiphase and multi-component mixtures. Often, these
emulsified products exhibit a complex rheology and are thermodynamically meta-stable. The
physical properties as well as the sensorial perception are governed by the micro structure and
the ingredients. When it comes to structuring the product, the processing conditions become
crucial. In fact, the interaction between formulation and processing is what delivers the final
outcome.

A typical production process for emulsified products consists of two mixing steps. In the first
step the oil and water phase are mixed, possibly with other ingredients, forming a coarse emul-
sion. Then, in the second step the droplet size of the dispersed phase is reduced, the interface
coverage is established and as a consequence the desired aggregation is obtained. There are
many types of processing equipment available to carry out these mixing steps. Here, mixing
involves the blending of two liquids, where one phase is dispersed in the other. The outcome
of a mixing experiment depends on: the energy input and the physical and chemical properties
of all components. Computational Fluid Dynamics (CFD) is a comprehensive tool to calculate
many details of the liquid flow and the local energy dissipation. It is already a tedious task to
accurately simulate the breakup of a single droplet immersed in a surrounding liquid using CFD.

1The intrinsic viscosity is defined as: [η] = limφ→0
η−ηc
ηcφ
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1.2. THE PHYSICS OF EMULSIFIED CONSUMER PRODUCTS

Industrial mayonnaise production easily produces 1,000 kg h−1, with oil droplets of approxi-
mately 10 µm in diameter. This results in a production rate of a quadrillion (1015) oil droplets
an hour. To avoid modeling the interfaces of that many droplets a population balance tool can
provide an alternative. A population balance describes the change in the droplet size distribution
for an emulsification process.

In the last decade considerable effort has been invested into building population balance models
for emulsification processes. A lot of research reported in literature is focused on the kinetic
terms in the population balance equations (see e.g. Raikar et al. (2009), Raikar et al. (2010),
Raikar et al. (2011), Becker et al. (2011) and Maindarkar et al. (2012)), without considering the
fluid flow in great detail. On the other hand CFD-studies have been performed on emulsification
processes which include estimation of average droplet sizes (Casoli et al., 2010; Floury et al.,
2004b,a; Steiner et al., 2006). Recent developments led to a high resolution CFD algorithm in-
cluding a fully discretized population balance (Becker et al., 2014). Here a one-way coupling
was assumed. This means that the flow field influences the droplet breakup, but the droplets
do not interact with the flow (when the droplets influence emulsion flow the approach is called
two-way coupling, see e.g. Drumm et al. (2009)). This is a reasonable assumption for emulsions
with a low dispersed phase volume fraction (φ < 0.1). However, this approach has two major
drawbacks. First, the computational load is very high, and second for systems where the geom-
etry is confined to a space comparable to the droplet size it is physically not realistic to solve a
balance for the whole population of droplets. In high pressure homogenizers and spray nozzles,
for example, the emulsion must pass narrow restrictions with a size comparable to the droplet
size.

When the dispersed phase volume fraction is increased the one-way coupling is not realistic any-
more. Especially for high internal phase emulsions the droplet size distribution determines the
emulsion rheology (Pal, 1996). A decrease in droplet size is usually accompanied by an increase
in emulsion viscosity (Barnes, 1994). The size distribution of droplets determines the way the
droplets are packed together. In a fixed volume more undeformable polydisperse spheres than
monodisperse hard spheres can be accommodated. For suspensions the viscosity will become
infinite when the maximum packing fraction is approached, see eq. 1.1. However, for emulsions
it is possible to pack more droplets than the maximum packing limit for hard spheres. As a con-
sequence the largest droplets will deform. The rheological parameters, e.g. the elasticity and the
yield stress alter non linearly for emulsions when the dispersed phase fraction is increased across
the packing limit (Mason et al., 1997; Scheffold et al., 2013a). To accurately predict rheologi-
cal parameters of a dense emulsion the droplet size distribution is key. The viscosity and other
rheological parameters are consecutively important for product texture and mouth feel (Terpstra
et al., 2009).

The products which are considered in this thesis are mayonnaises. Mayonnaise is a mixtures
of two immiscible liquids, water and oil, stabilized by egg yolk. Other important ingredients
are vinegar, salt, sugar, and mustard. The oil phase is dispersed as droplets in the water phase.
Products of up to 80 per cent oil can be made in the current mixing processes. The goal is not
to increase the amount of dispersed phase, but rather to minimize the oil content and to mimic
the behavior of ‘fatty’ mayonnaise. Reducing the oil fraction has several benefits: it reduces the
caloric value of the products and could decrease the cost price. Also from a sustainability point
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Chapter 1. Introduction

10 μm 10 μm

Figure 1.2: Images obtained by confocal microscopy of Nile Blue stained oil droplets of a full fat mayon-
naise (containing 0.72 v/v oil , displayed on the left) and a low oil mayonnaise (0.05 v/v oil, displayed on
the right)

of view it is desirable to limit the use of vegetable oils because it cuts down the utilization of farm
land. Figure 1.2 displays two microscope images; one of a full fat mayonnaise with a dispersed
phase volume fraction of 0.72 v/v; and the other image shows that of a low oil mayonnaise
containing just 5 % v/v oil.

The real full fat mayonnaise has unique structural properties. At rest, the concentrated emulsion
behaves like a solid and when pressure is exerted onto it the product will start to flow and to
behave like a liquid. Mayonnaise follows thixotropic behavior but does not always fully recover.
This hysteresis can be explained by looking at the micro structure and in particular to the behavior
of egg yolk proteins at the oil-water interface. Depending on the surrounding conditions various
egg yolk proteins adsorb and unfold at the interface. The pH and the concentrations of salt
and even sugar determine the average charge on the adsorbed egg yolk proteins and therefore
influence the interaction forces between the oil droplets. Van der Waals attraction is balanced
by steric and electrostatic repulsion. Even depletion has been attributed to flocculation in a
mayonnaise emulsion, see e.g. Anton (2013) for a recent review on egg yolk functionalities.
For dilute emulsions flocculation is often undesired since it leads to an increase in the creaming
rate. The structure of dilute emulsions (see Figure 1.2, right picture) is mainly determined by
the continuous phase. For light mayonnaises the continuous phase consists of water and must be
structured with food additives such as starch and gums to mimic the structural behavior of the
concentrated mayonnaise.

Some closing remarks on the measurement of mayonnaise structure will now be given. The
measurement and quantification of the rheological parameters of concentrated emulsion systems
poses some challenges. First, mayonnaise emulsions are thixotropic. This means that during
sample handling the structure might already be affected. Therefore non-invasive techniques are
required. The alternative is to measure an equilibrium situation where most of the structure has
been degraded. Nonetheless, this approach is often applied and leads to reproducible results.
Another challenge is the quantification of the structure under processing conditions i.e. at large
deformation rates. In conventional rheometers such as parallel plates, cone-and-plate and con-
centric cylinders inertia effects will start to play a role for typical food emulsions at shear rates
> 103 s−1. Then it becomes impossible to correctly translate the torque into shear stress. Another
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route to increase the shear rate is to reduce the gap size. However, there is a minimum gap size
allowed for measuring the macroscopic viscosity of emulsions. The gap must be at least ten
times the largest particle size to guarantee homogeneity in the rheometer gap. A third difficulty
in emulsion rheology is the slip at the walls of the rheometer. The continuous phase of the emul-
sion is in direct contact with the wall and forms a slip layer and hence the rheometer is unable
to measure the bulk properties. A simple method to avoid slip at the wall is to use roughened
surfaces but this is not possible for all types of rheometers.

1.3 Outline

In this section the overview of the thesis content will be presented. In Figure 1.3 the division
of the chapters is visualized. As discussed in the previous section the droplet size distribution
is an important parameter characterizing the micro structure of an emulsified product. The first
step is to build a model for the prediction of the complete droplet size distribution. In Chapter
2, a model is proposed for the prediction of the droplet size distribution of a dilute emulsion.
Many details of the flow should be included to predict the droplet size distribution. Therefore,
the capabilities of CFD will be exploited for emulsification under turbulent conditions.

Chapter 6

Chapter 5

Physicochemical
properties

Sensory 
attributes

Consumer 
liking

Process

Formulation

Chapters: (2) 3 & 4

Figure 1.3: The thesis overview incorporated into the optimization framework

The second step is to extend the modeling approach towards actual emulsified products, which
will be mayonnaise. This includes the increment of the dispersed phase fraction beyond the
packing limit. In Chapter 3, a two-way coupling model will be introduced for the prediction of
the droplet size distribution and concurrently the mayonnaise viscosity. The processing model
requires the quantification of the emulsion structure at high deformation rates.

Chapter 4 introduces the use of penetrometry analysis for the characterization of structured liq-
uids. A penetrometer pushes a solid object into a product and measures the resistance to defor-
mation or to flow. This is a non invasive technique, meaning that no sample handling is involved
which can lead to structure breakdown. A method will be presented to compute the rheological
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parameters from a series of penetration tests. Which is useful when no rheometer is available,
this is most often the situation inside the factories. Moreover, the texture attributes obtained by
penetrometry analysis correlate well with sensory attributes.

In Chapter 5, a model was selected from a range of statistical models to correlate panel scores
on sensory attributes to the physical and chemical product properties. The predictive capability
of the model was tested by k-fold cross validation and external validation.

Chapter 6 describes how all models are linked together in the mathematical framework. The
framework is fully quantified and the sensitivity of the output variables (taste, mouth feel, ap-
pearance and odor attributes) is tested by inducing small changes in the input variables (ingredi-
ent mass fractions and operational settings). Through mathematical optimization the framework
is able to design a theoretical mayonnaise with a recipe and operational settings for pilot scale
production.

Chapter 7 summarizes the conclusions of the work and gives an outlook.
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2 Population Balances Combined with
Computational Fluid Dynamics: A
Modeling Approach for Dispersive

Mixing in a High Pressure Homogenizer

Abstract High pressure homogenization is at the heart of many emulsification processes in the
food, personal care and pharmaceutical industry. The droplet size distribution is an important
property for product quality and is aimed to be controlled in the process. Therefore a Population
Balance model was built in order to predict the droplet size distribution subject to various hydro-
dynamic conditions found in a high pressure homogenizer. The hydrodynamics were simulated
using Computational Fluid Dynamics and the turbulence was modeled with a RANS k–ε model.
The high energy zone in the high pressure homogenizer was divided into four compartments. The
compartments had to be small enough to secure nearly homogeneous turbulent dissipation rates
but large enough to hold a population of droplets. A population balance equation describing
breakage and coalescence of oil droplets in turbulent flow was solved for every compartment.
One set of parameters was found which could describe the development of the droplet size dis-
tribution in the high pressure homogenizer with varying pressure drop. An improvement of 65%
was found compared to the same model containing just one compartment. The compartment
approach may provide an alternative to direct coupling of CFD and population balances.

2.1 Introduction

Many emulsified consumer products contain micron or even sub micron sized droplets, for ex-
ample mayonnaise, cream liquors, margarine and lotions. The droplet size is important for
many product properties like appearance, stability (McClements and Chanamai, 2002), rheol-
ogy (Luckham and Ukeje, 1999; Scheffold et al., 2013b) and controlled release of substances
(McClements and Li, 2010). It is therefore of interest to control the droplet size during the pro-
duction process. A typical production process consists of two steps: in the first step oil and
water phases are mixed, possibly with other ingredients, forming a coarse emulsion; then, in the
second step the droplet size of the dispersed phase is further reduced to a desired value. High
pressure homogenization valves are often applied in the second step where they are able to gener-
ate submicron droplet sizes (Karbstein and Schubert, 1995; Schultz et al., 2004). A high pressure
homogenizer consists of a pump and a homogenizing nozzle (Schuchmann and Schubert, 2001).
In the high pressure homogenizer depicted in Figure 2.1, the coarse emulsion is entering from
the bottom along the main axis. The emulsion hits a solid impact head and spreads out through
the narrow gap in the radial direction. This type of homogenizing valve is commonly referred to
as a radial diffuser (Phipps, 1975; Schultz et al., 2004).
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Although high pressure homogenizers are already utilized in industry for over a century, they
remain a topic for scientific study. In the last decade, many researchers have tried to simulate
the emulsification process inside the homogenizer valve, each using a different approach. For
example; Population Balance Equations (PBE) were developed to track the change of the droplet
size distribution inside a homogenizer (Håkansson et al., 2009; Maindarkar et al., 2012; Raikar
et al., 2009, 2010, 2011). The PBE models described the breakage and coalescence of droplets
and the adsorption of emulsifier molecules (Håkansson et al., 2013a; Maindarkar et al., 2013).
The advantage of using this approach is that the complete droplet size distribution could be re-
tained. One drawback is that often 4 to 6 parameters are necessary to obtain a proper fit of the
experimental data. These approaches are mainly based on the average energy dissipation over
the valve. This means that no homogenizer geometry characteristics could be included and the
fit parameters are equipment dependent and even pressure dependent for the same equipment
(Maindarkar et al., 2012; Raikar et al., 2011). To allow predictions of the droplet size distri-
bution it is necessary to have a single set of parameters describing the change in the droplet
size distribution experiencing different pressures for one type of equipment and even for various
geometries this would be desirable.

Improvements can be made when more hydrodynamic features are incorporated. This could be
achieved with tools like Computational Fluid Dynamics (CFD); where locally, inside the appa-
ratus, shear rates and turbulent energy dissipation rates can be calculated. Many studies have
focused on the flow patterns inside high pressure homogenizers, and predicted average stable
droplet sizes from CFD-simulations (Casoli et al., 2010; Floury et al., 2004b,a; Steiner et al.,
2006). Some laboratories compared the CFD simulations with Particle Image Velocimetry (PIV)
measurements (Blonski et al., 2007; Håkansson et al., 2013b; Innings and Trägårdh, 2007). It
remains practically impossible to measure the velocity field inside real homogenizers because
of the tiny geometry and high velocities. Therefore scaled model homogenizers were fabricated
(Blonski et al., 2007; Innings and Trägårdh, 2007). The main conclusions from comparing sim-
ulations to measurements of the scaled homogenizer were that the Reynolds Averaged Navier
Stokes (RANS) k–ε models are able to describe the flow in the turbulent region qualitatively
(Håkansson et al., 2012).

Solving PBEs and CFD simulations take up a lot of computing power. Integration of the two
techniques requires even more computing power. Advancing towards more detailed modeling
of emulsification processes has resulted in a number of publications focusing on the coupling
between the two techniques (Agterof et al., 2003; Becker et al., 2013; Drumm et al., 2009;
Fathi Roudsari et al., 2012). To limit the calculation times, the moments of the particle size dis-
tribution were linked to CFD simulations for droplet size predictions (Agterof et al., 2003). The
Direct Quadrature Method of Moments (DQMOM) solution of the population balance equation
was implemented in CFD codes without increasing the computational costs too much (Drumm
et al., 2009; Silva et al., 2008). Current versions of Fluent ANSYS are now equipped with DQ-
MOM and QMOM and up to eight moments of the particle size distribution can be calculated.
Algorithms have been developed to reconstruct any particle size distribution based on a finite
number of moments (de Souza et al., 2010; John et al., 2007). Using these advanced algorithms
in combination with CFD-QMOM could allow us to model the droplet size distribution for dif-
ferent hydrodynamic conditions. The accuracy of such an approach is yet to be investigated and
the computational effort is expected to be high. Also, fully discretized PBEs coupled to CFD
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have been reported for emulsification systems (Becker et al., 2013; Fathi Roudsari et al., 2012).
Fathi Roudsari et al. (2012) have been looking at the cumulative droplet size distribution for
different hydrodynamic conditions in a stirred tank, i.e. the impeller speed was varied. Becker
et al. (2013) have looked into a coupled PBE-CFD modeling framework for a high pressure
homogenizer which runs only at a constant pressure drop. For systems where the geometry is
confined to a space comparable to the droplet size it is physically not realistic to solve a balance
for the whole population of droplets. Then one has to define compartments which are physically
large enough to contain a population of droplets but small enough to ensure a low variation in
the turbulent energy dissipation. This approach has been used in the past for stirred tanks, where
the tank has been divided up into two (Alexopoulos et al., 2002; Almeida-Rivera and Bongers,
2010) or eleven (Alopaeus et al., 1999) zones based on the distribution of energy dissipation
rates. The compartment approach has not yet been encountered in literature for emulsification in
high pressure homogenization valves under varying hydrodynamic conditions.

The aim of the work described in this paper was to construct a compartment model of a high
pressure homogenizer, which enables predictions of droplet size distributions without the need
to fit all the experiments separately. The experiments were performed with varying hydrody-
namic conditions. The hydrodynamic conditions in the valve changed when the pressure drop
was varied. To be predictive, the model should work outside the experimentally verified ranges.
Therefore one set of parameters is needed to describe the evolution of the droplet size distribution
over the whole pressure range of the apparatus. To accomplish this, a population balance model
was built describing breakage and coalescence of oil droplets in an aqueous dispersion. A lot of
models have been suggested in the past to describe the breakage and coalescence of droplets and
bubbles; see for example the review papers of Liao and Lucas (2009, 2010). There are models
available which do not include experimentally tunable parameters. The breakage rate model from
Luo and Svendsen (1996) has been tested for a radial diffuser type homogenizer, these results
were not satisfying (see Becker et al. (2013)). Instead the breakage and coalescence functions
from Coulaloglou and Tavlarides (1977) were used. They form the backbone of most breakage
and coalescence models for turbulent flow (Liao and Lucas, 2009, 2010). The free parameters
in the breakage and coalescence functions were optimized so that the modeled size distributions
matched the experimentally obtained droplet size distributions. The experiments were carried out
by changing the pressure drop for a single emulsion formulation. Four different compartments
were defined inside the device to account for the large turbulent inhomogeneities. The compart-
ments sizes were based on the jet length. The jet length was approximated with an algebraic
model based on a free shear flow assumption, see chapter 2.3. The average energy dissipation
rates in the compartments were estimated with a k–ε turbulent model. Then the energy dissipa-
tion rates were fed to the breakage and coalescence kernels of the population balance model. The
performance of a four compartment model was compared to that of a single compartment model
and a two compartment model.

2.2 Experimental Methods

To generate a pre-emulsion for homogenization, 1 wt% of Pluronic F68 emulsifying agent (Sigma
Aldrich) was dissolved in Nanopure demineralized water. Subsequently 10 wt% of sunflower oil
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Figure 2.1: The simulated streamlines inside the homogenizer valve; the emulsion entered from the bottom,
was forced through a narrow opening and finally left at the top

was slowly added while stirring with a Silverson L5T mixer. The Silverson mixer was equipped
with a General Purpose Disintegrating Head and a Standard Emulsor Screen. The mixture was
stirred for 5 minutes at 6000 rpm, the resulting d32 and dv99 were 15 and 54 µm, respectively.
The droplet size distributions of all samples were measured with a static light scattering device
(Malvern Mastersizer 2000). The viscosities of the sunflower oil and the Pluronic F68 solu-
tion were 50 and 1.3 mPa s, respectively. They were measured with a rotational shear rheometer
(2000EX, TA Instruments) at a constant temperature of 25 ○C. The equilibrium surface tension
was carefully determined by Maindarkar et al. (2013) for a vegetable oil in water emulsion sta-
bilized by Pluronic F68. At 25 ○C and with a Pluronic concentration of 1.3 mol m−3 the surface
tension is 17 mN m−1.

For homogenization a lab scale Niro Soavi high pressure homogenizer was used (type: Panda
NS1001L). It was operated with a reciprocating multi-plunger pump. The homogenizer had a
constant throughput of 13 dm3 h−1. A manual valve controlled the pressure drop. The pressure
was varied between 200 and 800 bar. The pressure remained constant within +20 and -20 bar
of the target pressure. The coarse emulsion was passed several times through the high pressure
homogenizer. The reproducibility of the experiments was checked by repeating the homogeniza-
tion experiments at 200 and 800 bar with the same batch of coarse emulsion (Figures 2.2). The
differences in the measured droplet size distributions were quantified using an objective function
(Ψ) (Maindarkar et al., 2012; Raikar et al., 2009). All experiments were performed with the same
coarse emulsion.

2.3 Compartment sizing

In a previous contribution it was already shown that for this type of homogenizer breakup is likely
to happen in the jet leaving the narrow restriction (Dubbelboer et al., 2013). This was found

22



2.3. COMPARTMENT SIZING

0.01 0.1 1 10 100 1000
0

2

4

6

8

10

12

200 bar

Diameter / µm

V
o
l 
%

0.01 0.1 1 10 100 1000
0

2

4

6

8

10

12

800 bar

Diameter / µm

V
o
l 
%

Figure 2.2: The inlet (grey line), outlet (black line) and repeated outlet (black dashed line) droplet size
distributions measured with a static light scattering device; left, after 1 pass at 200 bar with Ψ = 0.0057 and
right, after 1 pass at 800 bar with Ψ = 0.0060

for other similar types of homogenizers as well (Innings and Trägårdh, 2007). Therefore the
compartments need to be defined in the jet area. The height of the compartments is restricted by
the valve impact and passage heads. Only the length of the compartments in the radial direction
must be estimated and this is based on the jet length. The jet is spreading in a radial direction
and is expected to die out sooner than, for example, a planar jet for which algebraic equations
are readily available in most textbooks. Algebraic equations for the planar and round jets are
surprisingly accurate when compared to experiments. The flows in planar and round jets are the
so-called free shear flows, where there is no influence of solid boundaries above or below the jet.
Then it appears that the momentum in the jet is conserved and the spreading rate is constant. In
fact, the spreading angle of the jet for both geometries was found to be around 12° (Cushman-
Roisin, 2014, Ch. 9). When the jet was assumed to be of the free-shear-flow type the radial
spreading of the jet can be described by

u0

U0
= (1+ α

2
( r2− r2

0

r0δ0
))

−1/2

(2.1)

In which u0 is the average centre line jet speed, U0 is the centre line jet speed at r0, δ0 is the
jet width at r0, α is the entrainment coefficient and r0 is the point where the jet becomes self
similar. The derivation of equation 2.1 can be found in appendix A. Because planar and round
jets both have an entrainment coefficient of 0.42 the same entrainment coefficient was assumed
for the radial jet. The distance the jet spreads in the radial direction can now be estimated with
equation 2.1. The starting jet width is taken equal to the spatial distance between the passage and
impact head. These gap heights were estimated by Dubbelboer et al. (2013). For a decay of 90%,
with r0 is 2.5 mm and δ0 is 0.0016 mm the jet reaches to 2.9 mm in the radial direction. The single
compartment model has a compartment which reaches from r0 to r. A two compartment model
was made which contained two compartments divided equally over the distance r− r0. Likewise
the four compartment model has four compartments divided equally over the distance r− r0, see
figure 2.3. The resulting compartment volumes and residence times of the four compartments are
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Figure 2.3: The region between the Impact and Passage Head directly after the gap with the 4 compart-
ments, the boundaries between the compartments are designated as a, b and c

Table 2.1: The compartment volumes and their mean residence times

Compartment V /m3 tres/s
1 8.9×10−12 2.4×10−6

2 2.6×10−11 7.1×10−6

3 4.4×10−11 1.2×10−5

4 6.3×10−11 1.7×10−5

given in Table 2.1. The residence time in a compartment should be sufficient for droplet breakup
to occur. This will be checked by analyzing the timescales for turbulence and droplet deforma-
tion in section 2.5. The compartments are placed in series where the outlet of compartment one
was the inlet for compartment two and so forth. A population balance was solved for every com-
partment. The first requirement for the application of the PBE method is that the control volume
must be large enough to contain a population of particles. There are no clear criteria available,
but here the number of particles in compartment one becomes φV1/(πd3

32/6) ∼106, which is be-
lieved to be sufficiently large for the use of population balance methods in this tiny geometry.
Now that the compartments are defined the hydrodynamic forces inside the compartments must
be determined. The hydrodynamic pressure for example is responsible for droplet fragmentation
and is related to the energy dissipation. The turbulent energy dissipation in each compartment
was estimated using the infamous k–ε model.
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2.4 Computational Fluid Dynamics

High velocity jets have turbulent characteristics; therefore a turbulence modeling approach has
to be adopted. The first assumption made was the single phase approximation. It was assumed
that the dispersed oil droplets move with the same speed as the continuous phase. Therefore the
emulsion was modeled as a quasi single phase with an average density and an average Newtonian
viscosity. Then, the ensemble averaged velocity field of the turbulent jet was simulated using the
Reynolds Averaged Navier Stokes (RANS) equation. In principle this time averaged equation
is time independent. Hence the steady state RANS equation for incompressible and isothermal
flow reads

ρũ ⋅∇ui = −
∂P
∂xi

+ ∂

∂xi
[τ i j +τ

R
i j] (2.2)

The over-bar represents an averaged quantity, the apostrophe the fluctuation from the average and
the bold faced symbols represent vectors. Further; ρ is the fluid density, u is the fluid velocity, P
is the pressure, x is the spatial coordinate, τi j are the stresses acting on the fluid and τ

R
i j are the

Reynolds stresses. The Reynolds averaged continuity equation gives

∇⋅u = 0 (2.3)

The RANS equations with the Reynolds averaged continuity equation leave six degrees of free-
dom, the so-called Reynolds stresses.

τ
R
i j = ρ

⎛
⎜⎜
⎝

u′21 u′1u′2 u′1u′3
u′1u′2 u′22 u′2u′3
u′1u′3 u′2u′3 u′23

⎞
⎟⎟
⎠

(2.4)

A method is needed to close the set of equations. Single-point closure models are relatively easy
to implement and widely used in engineering. The Boussinesq hypothesis relates the Reynolds
stresses to the mean strain rates via:

−u′iu
′

j = 2νtSi j −
2
3

kδi j. (2.5)

In here, δi j is the Kronecker delta, Si j is the rate of strain tensor, k is the kinetic turbulent energy
and νt is the eddy viscosity. Now the problem is shifted to finding the eddy viscosity at each
point in the flow. In the k–ε model the eddy viscosity scales as follows:

νt =Cµ

k2

ε
(2.6)

In which ε is the turbulent energy dissipation and Cµ is a dimensionless constant. The transport
equation for turbulent kinetic energy reads:

u ⋅∇k = (ν + νt

σk
)∆k+(τ

R
i j/ρ)Si j −ε (2.7)
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And for turbulent energy dissipation

u ⋅∇ε = (ν + νt

σε

)∆ε +C1
ε

k
(τ

R
i j/ρ)Si j −C2

ε
2

k
(2.8)

In which ν is the kinematic viscosity of the liquid. In the transport equations for k and ε appear
the following dimensionless parameters: σk, σε , C1 and C2. The set of equations described
here form a closed and solvable set of equations. The derivation of all equations can be found
in any textbook (see e.g. Davidson (2006, Ch. 4)). In the k–ε models, there are only two
parameters which characterize the turbulence. It is a simple model neglecting many details of
the turbulent flow. Because the interest lies in the average energy dissipation inside a relatively
large compartment there is no need to resolve the finer turbulence characteristics of the flow.

The k–ε model is the most frequently used engineering model of turbulence. It has proven to be
reliable for simple shear flows but fails in complex configurations, high anisotropic turbulence
and close to solid surfaces (Davidson, 2006, Ch. 4). There are many variations of the k–ε

model with each having their own limitations which are well documented nowadays. Another
popular single-point closure model is the k–ω model, which does work in close proximity of the
boundaries but is known to fail when predicting shear stresses and spreading rates in free-shear
flows (jets) (Durbin and Pettersson-Reif, 2001, Ch. 6).

The standard k–ε model and two of its more refined extensions (termed Realizable and RNG k–ε

models) were experimentally validated for a scaled high pressure homogenizer using 2D Particle
Image Velocimetry (PIV) (see Håkansson et al. (2011, 2012)). The refined k–ε models give
better estimates for the turbulent kinetic energy inside the narrow restriction. In the jet region the
RNG model gives a slightly better prediction of the production of turbulent kinetic energy than
its Realizable counterpart but is not well described by either model.

The RNG k–ε model was derived using a statistical technique called Re-Normalization Group
theory. The RNG approach derived the transport equations for k and ε in a slightly different
manner. The result is a different expression for the generation of turbulent kinetic energy from
the mean velocity gradients. The transport equation for turbulent energy dissipation obtains the
following additional parameters:

C2 =C∗

2 +
Cµ s3 (1− s/s0)

1+β s3 (2.9)

with

s =
√

2Si jSi j
k
ε

(2.10)

Effectively this means that in areas of large strain (s > s0) there is less dissipation of ε , a reduc-
tion of k and overall lower estimates of the eddy viscosity. Moreover, all constants are derived
analytically with the RNG procedure, with the exception of β which needs to be fitted from ex-
periment. The value of β = 0.012 has been found in the past and was taken as such. For the rest
of the constants: Cµ = 0.0845, σk = 0.7194, σε = 0.7194, C1 = 1.42, C∗

2 = 1.68 and s0 = 4.38.
The RNG k–ε model is standard implemented in most CFD software packages with these default
values.
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2.4.1 Boundary conditions and numerical methods

The boundary conditions for the RANS equation at the homogenizer inlet was the velocity de-
termined from the flow rate and at the outlet the gauge pressure was set to zero. At the walls the
no-slip condition was applied. The velocity pressure coupling was solved numerically with the
SIMPLE scheme and second order upwind discretization was used for all transport equations.
The k–ε transport equations also need boundary conditions. At the inlet the flow is not turbulent;
hence the kinetic turbulent energy and the turbulent energy dissipation were set to zero at the
inlet. The turbulence modeling close to the walls needs some special attention and will be dealt
with in the next section.

2.4.2 Modeling close to the wall and grid building

The remaining problem is the behavior of the k–ε model close to the solid boundaries. Near wall
behavior of k–ε models is well known to give erroneous results (see e.g. Durbin and Pettersson-
Reif (2001, Ch. 6)). Approaching the solid boundaries the viscous stresses outpace the inertial
stresses. The fluid layer close to the wall where the viscous stresses cannot be neglected any-
more is called the logarithmic layer. Therefore the k–ε equations are usually abandoned in the
logarithmic layer. Instead, so-called wall functions for the production and dissipation of k are
implemented. The boundary conditions for the k–ε model are then imposed on top of the log-
arithmic layer; however, in practice the boundary conditions are applied to the first grid point
adjacent to the wall. Then, it is a necessary requirement for the first grid point to be located at
the logarithmic layer. The first grid point must be located at a dimensionless normal distance
to the wall of y+ ∼ 15 (ANS, 2011). The distance normal to the wall is made dimensionless as
follows:

y+ =
√

τw/ρ
ν

y (2.11)

In which τw is the stress at the wall and y is the actual distance normal to the wall. Wall functions
will give inaccurate results for a grid with y+ < 15. In that situation a two layer zonal model will
be more appropriate. In the two layer zonal model the momentum and turbulent kinetic energy
equations are retained for both zones, since the turbulent kinetic energy is zero at the walls
because of the no-slip condition. Only the ε transport equation is replaced by a mixing length
transport equation in the zone adjacent to the wall, making this model also suitable for separating
flows (recirculation) (Chen and Patel, 1988). In figure 4 two types of wall treatment are analyzed
at the edges of the four compartments perpendicular to the flow. The viscosity dominated region
close to the walls should be relatively large because of the moderate Reynolds numbers. The
Reynolds number in the channel and at the start of the jet, based on the channel height, is ∼200.
At these moderate Reynolds numbers no turbulence is generally expected for plane channel flow.
Also at low Reynolds numbers the y+ values remain fairly small for a coarse grid. In the High
Pressure Homogenizer the most energy dissipation is expected to be in the centre of the turbulent
jet, which is observed with the two-layer zonal model, see Figure 2.4. The standard wall function
model over predicts the turbulent energy dissipation in close proximity of the boundary even at
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Figure 2.4: The modeled turbulent energy dissipation at the edges of the compartments perpendicular to
the flow; on the left the wall function model on the right the two-layer zonal model for y+ = 14; (•) boundary
a, (+) boundary b and (▲) boundary c (see figure 2.3 for the boundaries)

y+ = 14. It appears that the two-layer zonal model gives the most physically reasonable results
for the energy dissipation close to the walls.

From the discussion above the grid appears to be coarse for y+ < 15, and then it follows that
the two-layer zonal model is the preferred model. From a practical point of view a grid with
a low resolution is preferred. Convergence of finer meshes was checked with respect to mass
conservation and the quantity of interest: the average energy dissipation inside the compartments.
The volume or mass weighted average energy dissipation is computed by:

ε i =
1
Vi
∫
Vi

εdV. (2.12)

In equation 2.12, ε is the average energy dissipation of compartment i, and Vi is the volume of
compartment i. Three meshes were constructed with a low, medium and high resolution. The
three grids are compared in Table 2.2. A second-order Upwind discretization scheme was used
for the transport equations of momentum, turbulent kinetic energy (k) and turbulent dissipation
rate (ε).

Table 2.2: Grid comparison

Grid resolution Number of cells along com-
partment border

Total number of cells y+

low 12 24,995 14
medium 35 37,806 5
high 50 54,366 3
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Figure 2.5: The contours of the logarithm of the turbulent energy dissipation, the region directly after the
narrow restriction is magnified and the four compartments can be seen

The difference between the mass flow rate at the in- and outlet was well below 1% for all meshes.
The turbulent energy dissipation converged only for the meshes with a medium and high resolu-
tion. This difference in the averaged energy dissipation of the compartment volumes between the
finer meshes was ∼5%. For that reason the grid with the medium mesh resolution was selected
to best fit the needs of this research.

2.4.3 CFD results

A computational fluid dynamics (CFD) simulation was performed to estimate the local turbulent
energy dissipation rates. The results of the CFD simulation are discussed here. The streamlines
visualize the direction in which the emulsion travels through the homogenizer valve (Figure 2.1).
The emulsion flows around the impact head and leaves at the top. A vortex is formed in the
corner of the passage head and the impact ring. The active part of the jet did not reach the vortex.
No significant differences in the flow profiles were observed when changing the position of the
valve to modify the pressure drop, results not shown.

The turbulent energy dissipation, which was correlated to droplet breakup, is displayed for the
different parts of the homogenizer in a contour plot (Figure 2.5). The largest energy dissipation
was found directly after the narrow restriction. It was here where the droplet breakup was an-
ticipated. The average and maximum of the turbulent energy dissipation are given in Table 2.3.
The average energy dissipation per compartment was the highest directly after the gap and de-
creased exponentially with distance from the gap. The spread in the energy dissipation was also
the highest in the first compartment (Table 2.3). In compartment 1 the average energy dissipation
increases with increasing pressure drop. For the other three compartments, however, the average
energy dissipation was slightly decreasing with pressure drop (Figure 2.6). For now it remains
unclear whether this is caused by the CFD or this is actual physics.
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Table 2.3: Results extracted from the CFD-simulation (800 bar pressure drop): the average (ε) and maxi-
mum (εmax) turbulent energy dissipation for the four compartments

Compartment ε/W kg−1
εmax/W kg−1

1 2.6×1010 3.3×1011

2 4.4×107 2.9×108

3 3.2×106 1.1×107

4 6.6×105 1.6×106
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Figure 2.6: The average energy dissipation as a function of pressure drop for the four compartments; (⧫):
compartment 1, (∎): compartment 2, (▲): compartment 3 and (×): compartment 4
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2.5 Time scale analysis

In this section the time scales for several physical processes involving emulsification are dis-
cussed and compared to the residence times of the compartments which were defined in sec-
tion 2.3. The residence time (tres) should be sufficiently long to deform the droplets. The
droplets are deformed by eddies of approximately the same size. Therefore the eddy life time
(teddy) should be of the same order as the deformation time or longer i.e. tres ≥ teddy ≥ tde f . The
residence time was compared to the time scales for droplet deformation and the eddy life time
for a droplet of 10 µm in diameter (Table 2.4). Estimations for both times scales are given by
equations 2.13 and 2.14 (Walstra, 1993).

tde f ∼
ηd

5ρcε2/3d2/3
, (2.13)

where ηd is the dynamic viscosity of the dispersed phase, ρc is the continuous phase density, ε

is now the average energy dissipation of equation 2.12 and d is the droplet diameter. The eddy
life time is based on an eddy with the same size as the mother droplet:

teddy ∼
d2/3

ε1/3
(2.14)

Both time scales were calculated using the average energy dissipation in each compartment. The
residence time in the four compartments was enough for eddies to appear and to disappear. The
eddy life time in each compartment was sufficient to deform a droplet of 10 µm in diameter. It
should be noted that a 10 µm droplet entered compartment 1 already in a deformed state, because
the slit height is smaller than 1.6 µm for all experiments. This means that a large portion of the
droplets passed through the slit as an elongated and/or flattened slug of oil. Coalescence, on
the other hand, is expected for droplets with surfactant depleted surfaces. Initially the droplet
surfaces are completely covered with surfactant, because the surfactant was added in excess. In
the compartments droplets are deformed and broken up and new interface is created allowing
surfactant molecules to adsorb from the bulk. When the newly formed interface is completely
covered the coalescence efficiency will drop to zero. Therefore, the surfactant adsorption time
scale gives a good indication for where inside the homogenizer coalescence can be expected.
The adsorption time scale for surfactant molecules in a turbulent flow, given by Walstra (1993),
is presented here.

tads ∼
10Γη

1/2
c

dmcε1/2
. (2.15)

In which Γ is the surface coverage in: mol m−2, mc is the critical micelle concentration with
units: mol m−3, and the energy dissipation is given per unit of volume. The number of particle
encounters in an isotropic turbulent flow (Walstra, 1993) reads:

tenc ∼
d2/3

15φε1/3
. (2.16)
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Table 2.4: The residence time (tres) compared to the time scales for droplet deformation (tde f ), eddy life
time (teddy), surfactant adsorption time (tads) and droplet-droplet encounter time (tenc) in the four compart-
ments at 800 bar pressure drop

Compartment tres/s tde f /s teddy/s tads/s tenc/s
1 2.4×10−6 2.5×10−9 1.6×10−7 1.1×10−8 3.0×10−9

2 7.1×10−6 1.7×10−7 1.3×10−6 4.8×10−8 4.8×10−8

3 1.2×10−5 9.9×10−7 3.1×10−6 6.1×10−7 1.7×10−7

4 1.7×10−5 2.8×10−6 5.3×10−6 1.3×10−6 3.7×10−7

In equation 2.16, φ is the volume fraction of the dispersed phase. Because the average time
a droplet encounters another droplet is lower than the adsorption time, see Table 2.4, coales-
cence is expected inside the compartments. This result was already experimentally confirmed
by the oil transfer experiments of Taisne et al. (1996) where recoalescence was observed in the
homogenizer valve.

2.6 Population balance modeling

In practice all emulsions have polydisperse droplet size distributions. The development of the
droplet size distribution during emulsification can be modeled with a population balance. A
population balance conserves the mass and tracks the number of all particles. The final droplet
size distribution obtained after a homogenizer experiment is the result of droplet fragmentation
and recoalescence. Therefore, the following dynamic population balance was used including
fragmentation and coalescence rates:

dn(v,t)
dt

=−g(v)n(v,t)+∫
∞

v
β (v,v′)g(v′)n(v′,t)dv′

−n(v,t)∫
∞

0
C(v,v′)n(v′,t)dv′ (2.17)

+ 1
2 ∫

v

0
C(v−v′,v′)n(v−v′,t)n(v′,t)dv′

Here v is the volume of the daughter droplet and v′ of the mother droplet, n is the number density
at time t, g is the breakage rate, C is the coalescence rate and β is the daughter droplet size
distribution function. The population balance in equation 2.17 is an integro-differential equation
and was solved by discretizing the size domain using the fixed pivot technique (Kumar and
Ramkrishna, 1996). The total number of particles in size interval v j to v j+1 per unit volume of
emulsion, denoted as N j, is then given by

N j (t) =∫
v j+1

v j
n(v,t)dv (2.18)

The flow rate through the homogenizer valve was constant; therefore the PBE (equation 2.17) was
integrated over the mean residence time spend in each compartment, see Figure 2.5. The local
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conditions varied per compartment influencing the breakage and coalescence rates. Therefore the
population balance was solved for each compartment. Equation 2.17 needs to be supplied with
initial conditions. The initial condition for the PBE of compartment 1 was the size distribution of
the pre-emulsion. The size distribution obtained at the end of compartment 1 formed the initial
condition for compartment 2 and so on for all compartments. The size distribution obtained
in compartment 4 was assumed to be equal to the size distribution measured at the outlet of
the homogenizer. The use of the PBE formulated in equation 2.17 required sub-models for the
breakup and coalescence rates, the daughter droplet size distribution and the number of daughter
drops. The choices for the sub-models used will be outlined and discussed in this section.

2.6.1 The breakage rate model

Since turbulence prevails in the jet, a breakage function based on turbulent eddies was used. In
reality there is a cascade of eddies, where large swirls are decomposed into smaller and smaller
swirls. There are two droplet breakup mechanisms defined for turbulent flow. One mechanism is
dominant when the mother droplets are of the same size as the eddies, this mechanism is referred
to as turbulent inertial breakup. The other mechanism is prevalent when the mother droplets
are smaller than the eddies, which is known as turbulent viscous breakup. An estimate for the
smallest eddy size, which is still able to cause droplet breakup by pressure fluctuations, is the
Kolmogorov length scale (le) (Vankova et al., 2007). The Kolmogorov length scale is given here:

le = η
3/4
c ρ

3/4
c ε

−1/4, (2.19)

where ηc and ρc are the viscosity and the density of the continuous phase and ε is the average
energy dissipation rate. It is important to distinguish between the two turbulent regimes since
they each have a different effect on the droplet breakup and coalescence processes. Because the
whole droplet size distribution is considered there will be droplets smaller than the Kolmogorov
length scale, this can be seen by comparing the droplet size measurements in Figure 2.2 with the
calculated Kolmogorov length scales collected in Table 2.5. The question now arises whether
these small droplets are likely to breakup inside eddies or not. The maximum stable droplet size
in the turbulent viscous regime, denoted by dTV , can be estimated by comparing the Laplace
pressure (= 4σ/d) of the droplet with the viscous stress inside the eddy,

dTV = ση
−1/2

ρ
−1/2

ε
−1/2. (2.20)

It appears that dTV is larger than the Kolmogorov length scale when the average and maximum
energy dissipation are considered in each compartment. This means that the small portion of
droplets which are located inside eddies will not fragment because their Laplace pressure is too
high. The effects of the turbulent viscous regime on droplet breakup become apparent at energy
dissipation rates of >1011 W kg−1 for the current emulsion formulation. Another option is to
increase the viscosity of the continuous phase to >3 times that of water (Vankova et al., 2007).
Therefore only the turbulent inertial regime is considered for droplet breakup. The rate of droplet
breakup in the turbulent inertial regime is given in equation 2.21 (Coulaloglou and Tavlarides,
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Table 2.5: the Kolmogorov length scale (le) and the maximum droplet size according to eq. 2.20. Calculated
with the average energy dissipation from table 2.3.

Compartment le / µm dTV / µm

1 0.12 0.15
2 0.50 2.48
3 0.94 8.84
4 1.38 19.25

1977):

g(v) =K1
v−2/9

ε
1/3

(1+φ) exp(K2σ(1+φ)2

ρdv5/9ε2/3
) (2.21)

where K1 and K2 are adjustable dimensionless parameters, σ is the interfacial tension and ρd
is dispersed phase density. Equation 2.21 is a combination of the breakage frequency and the
breakage probability (the exponential term). The breakage frequency is increasing for smaller
droplets. The breakage probability is approximately equal to one for all droplet sizes larger than
the maximum stable droplet size. The factor 1/(1+φ) accounts for damping of the turbulence
by the dispersed phase (Coulaloglou and Tavlarides, 1977).

2.6.2 The daughter droplet size distribution function

The formulation of a population balance equation necessitates the daughter droplet size distri-
bution to be known a priori (Solsvik et al., 2013). From single droplet experiments a lot can
be learned about the breakup behavior of droplets with respect to the number of fragments and
the sizes of the daughter droplets. Experimental observations of single droplet breakup in tur-
bulent systems showed an increase of deformation of the mother droplet with an increase of the
viscosity ratio (Andersson and Andersson, 2006; Eastwood et al., 2004). Then, the number of
fragments increases as well with increasing dispersed phase viscosity. The amount of experi-
mental studies on single droplet breakup in turbulent flows remains very limiting in literature.
Therefore, no empirical correlation exists which describes the number and sizes of droplet frag-
ments from formulation properties and hydrodynamics. In this work the daughter droplet size
distribution function was assumed to be a uniform probability function, where all sizes smaller
than the mother droplet size have an equal probability. The uniform daughter droplet size distri-
bution function for multiple breakup was derived by Hill and Ng (1996):

β(v,v′) = p(p−1)(1− v
v′

)
p−2

, (2.22)

where p is the number of daughter droplets.
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2.6.3 The coalescence rate model

The coalescence rate is modeled as the product of the collision frequency h(v,v′) and the coa-
lescence efficiency Λ(v,v′), since not all collisions lead to coalescence, especially not when a
surface active component is present. The coalescence rate reads:

C(v,v′) = h(v,v′)Λ(v,v′) . (2.23)

Coulaloglou and Tavlarides (1977) proposed to use the kinetic theory of gasses to derive the
turbulent random motion-induced collision frequency between droplets of size v and v′, which is
given here

h(v,v′) = K3ε
1/3

(1+φ) (v2/3+v′2/3)(v2/9+v′2/9)
1/2

. (2.24)

In which K3 is a dimensionless adjustable parameter and the factor 1/(1+φ) accounts, likewise,
for the damping of turbulence by the dispersed phase. Equation 2.24 is often encountered in
literature to describe the collision frequency. Although more comprehensive models exist, for
example which take the eddy size into account, the goal is not to make the modeling exercise too
elaborate. More advanced models can be found in a recent review paper published by Liao and
Lucas (2010).

The coalescence efficiency is based on the film drainage model, which is also one of the most fre-
quently applied models for coalescence efficiency (Liao and Lucas, 2010). The efficiency is one
when the contact time between droplets is greater than the film drainage time. The coalescence
efficiency then reads

Λ(v,v′) = exp(− tdrain

tcontact
) . (2.25)

The drainage time is the time required for the liquid film to drain from between the droplets. For
deformable particles with immobile interfaces Coulaloglou and Tavlarides (1977) estimated the
drainage time as:

tdrain =
ηcρcε

2/3 (v+v′)2/9

σ2 ( 1
h2 −

1
h2

0
)( v1/3v′1/3

v1/3+v′1/3
)

4

. (2.26)

In which h and h0 are the critical and initial film thickness; they are replaced by a fit parameter.
The approximation of immobility of the film surface is applicable to systems with a high viscosity
ratio and/or surfactant dissolved in the continuous phase (Chesters, 1991). Coulaloglou and
Tavlarides (1977) estimated the contact time by a dimensional analysis from Levich (1962):

tcontact ∼
(v+v′)2/9

ε1/3
. (2.27)

Then the coalescence rate becomes:

C(v,v′) =K3
ε

1/3

(1+φ) (v2/3+v′2/3)(v2/9+v′2/9)
1/2

exp
⎛
⎝
−K4

ηcρcε

σ2 (1+φ)3 ( v1/3v′1/3

v1/3+v′1/3
)

4⎞
⎠
.

(2.28)
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2.6.4 Parameter optimization

The free parameters (K1 up to K4) can be obtained by comparing the model with the experimental
results via a least squares optimization. Parameters K1−3 were expected to be of the order unity
because of the derivation of the model equations. Parameter K4, however, was anticipated to be a
large number because the term with the film thickness (see equation 2.26) was clustered together
with the empirical constant, K4. The parameters K1 up to K4 of the breakage and coalescence
rates were found by minimizing the following objective function:

Ψ =
∑M

j (n[ j]
exp−φ j)

2

∑M
j (n[ j]

exp)
2 (2.29)

here M is the number of discrete size classes, nexp is the measured volume fraction of droplets
in size class j and φ j is the volume fraction of droplets in size class j. The volume fraction of
droplets in size class j was calculated from the discreet average number of droplets in size class
j, by using

φ j =
N jv j

φ
. (2.30)

The optimization problem appeared to be non-convex, for that reason the Genetic Algorithm
(MATLAB), a global non-linear optimization algorithm, was used to find the adjustable param-
eter values corresponding to the lowest objective function value. Two datasets were used for
the optimization of the parameters. The datasets were the size distributions obtained from the
experiments at 200 and 800 bar after one pass through the homogenizer. The remaining datasets
were used to test the performance of the model with the fitted parameters. In all cases the objec-
tive function in equation 2.29 was used to judge the quality of the model predictions versus the
experimental observations.

2.7 Results and discussion

2.7.1 Prediction of droplet size distributions for single pass processing

The main objective of this work was to predict the droplet size distributions subject to various
hydrodynamic conditions in a high pressure homogenizer. This means that one set of parameters
should be able to describe the change in the droplet size distribution for a range of operating
conditions. The predictions of the compartment model were compared to the measured droplet
size distributions in Figure 2.7 for four different pressures and one pass through the homogenizer
valve. Considerable improvements were observed when comparing the model predictions of
the first pass with the results of the work of Raikar et al. (2009, 2010, 2011) or Becker et al.
(2013). Note that Maindarkar et al. (2012) obtained reasonable objective function values for the
different pressures, but the fit parameters were recalculated for each pressure drop and two extra
fit parameters were used. The droplet size development through the compartments is shown in
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Figure 2.7: The simulated (dashed black line), measured inlet (grey line) and outlet (black line) droplet
size distributions: (a) for 200 bar with Ψ = 0.0503, (b) for 400 bar with Ψ = 0.0867, (c) for 600 bar with Ψ

= 0.0243 and (d) for 800 bar with Ψ = 0.0198
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Figure 2.8: Sauter mean diameter through the compartments of the high pressure homogenizer at various
pressures

Figure 2.8. In compartment 1 the largest size reduction occurred. In the compartments 2, 3
and 4 the average droplet size appeared to increase. It has been argued that in the latter part
of the active turbulent jet the effect of coalescence might be more important than the effect
of breakage (Håkansson et al., 2009). It was assumed that the droplet size distribution leaving
compartment 4 is equal to droplet size distribution leaving the homogenizer. Note that the droplet
size distribution leaving the homogenizer was measured. Indeed, from the simulation results
(Figure 2.8) it can be observed that the average droplet size in compartment 4 is hardly affected by
breakage and coalescence phenomena. It should be pointed out that the droplet sizes in between
the compartments could not be verified experimentally. Only the Sauter mean diameter at the
outlet of compartment four can be compared to experimental means, see Figure 2.9. Looking at
the average droplet sizes in Figure 2.9, it appears that the model underestimated for 200 and 400
bar and overestimated for 600 and 800 bar.

2.7.2 Prediction of droplet size distributions for multi-pass processing

Experiments have shown to yield mono-modal droplet size distributions after multiple passes
through the high pressure homogenizer. In Figure 2.10, the droplet size distributions after one,
two and three passes for the four different pressures are displayed. In this simulation still the
same set of parameters was used as for the single pass experiments in Figures 2.7, 2.8 and 2.9.
The width of the distribution became narrower when the emulsion was passed several times
through the homogenizer (Figure 2.10). This was also experimentally observed for different
types of homogenizers by Becker et al. (2013) and Maindarkar et al. (2013). The population
balance model rendered mono-modal droplet size distributions after two passes, but no significant
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Figure 2.9: The measured Sauter mean diameters for four different pressures after a single pass (bar plot)
including an error bar versus the simulated droplet sizes from the four compartment model (triangles).

Table 2.6: The summed objective function value (Ψ)

Model Single pass experiments All experiments

1 Compartment 0.60 4.8
2 Compartments 0.40 5.1
4 Compartments 0.21 3.7

change was observed after the third pass. The model performance was quantified by the objective
function value given in equation 2.29. The performances of three models are given in Table 2.6.
The four compartment model was compared to a model comprising one compartment and a
model with two compartments. In the second column the objective function was summed over the
different operating pressures for a single pass through the homogenizer. Increasing the number
of compartments improved the model predictions. The model with two compartments improved
the objective function value by 33% for one pass through the homogenizer. Only considering
multiple passes the two-compartment model performed worse than the one-compartment model.
Regarding all experiments, the four-compartment model performed 23% better than the one-
compartment model.

2.7.3 Discussion on the fit parameters

The breakage and coalescence functions derived by Coulaloglou and Tavlarides (1977), i.e. equa-
tions 2.21 and 2.28, are often used to model size distributions of bubbles or droplets for various
types of equipment. The breakage and coalescence equations contain free parameters so that
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the model is adjustable to many experimental observations. It is interesting to compare the pa-
rameters found by other authors who used the same model for breakage and coalescence, see
Table 2.7. There are a lot of notable differences between the different types of mixers and even
for the same type of mixer (high pressure homogenizer) the parameter values vary several or-
ders of magnitude. It is, however, not possible to quantitatively compare the parameter values,
because the end result also depends on the choice of binary or multiple breakup, the number
of fragments and the daughter droplet size distribution function and to a minor extent on the
discretization algorithm and the number of size classes. Therefore only the breakage rates as a
function of the mother droplet size are compared in Figure 2.11.
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Figure 2.10: The measured (continuous lines) and simulated (dashed lines) droplet size distributions for 3
passes through the homogenizer; the size distribution curves move to the left after each pass i.e. the droplets
become smaller. The simulated size distributions for passes 2 and 3 overlap.
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Table 2.7: The obtained values for the fit parameters of the four compartment model in comparison with the work of other researchers

High pressure homogenizers Stirred Vessels Static mixers Single droplet
experiments

This work: Four
compartments
model

This work: Single
compartment model

Raikar et al.
(2011)

Vankova
et al. (2007)

Coulaloglou and
Tavlarides (1977)

Azizi and
Taweel (2011)

Maaß and
Kraume (2012)

K1 1.47 1.81 2.62×10−8 0.033 0.40 0.86 0.91
K2 1.14 0.53 0.175 3.6 0.08 4.1 0.39
K3 0.087 1.99 - - 2.8 0.04 -
K4 / m−2 20,420 101 - - 1.83×105 1×1010 -
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Figure 2.11: The breakage rates as a function of the droplet size from several authors; all breakage rate
functions are based on the original equation 2.21.

The model from Raikar et al. (2011), for example, also included a droplet breakage rate for
the turbulent viscous regime and excluded the coalescence rate. In the breakage rate for turbu-
lent inertial breakup the damping of turbulent energy dissipation in the breakup frequency was
neglected, nonetheless parameter K1 is extremely small in comparison with all others. As a con-
sequence the total breakage rate is extremely small under set conditions and cannot be shown in
Figure 2.11. Vankova et al. (2007) used a slightly adjusted model for their narrow gap homog-
enizer. Likewise, the damping terms and coalescence rate are neglected but a factor including
the square root of the density ratio was added. The static mixer of Azizi and Taweel (2011) was
divided up into several compartments as well and they were able to find one set of parameters
describing the full range of their experimental conditions. The parameter values from the original
paper of Coulaloglou and Tavlarides (1977) also did not match any other set of parameters. The
reason that the parameter values deviated was that the energy dissipation rate near the impeller
was estimated 70 times the average energy dissipation.

Droplets will experience only the hydrodynamic forces in their proximity and not the average
inside a vessel or valve. In the experiments of Maaß and Kraume (2012) single droplet breakup
events were monitored and the breakage function (equation 2.21) was fitted to their data. This
approach offers most likely more general parameter values. Because the breakage rate function
was fitted to single droplet breakup events, instead of fitting the PBE to the droplet size distri-
bution obtained after a myriad of breakup events. For that reason the parameters of Maaß and
Kraume (2012) were tested in the population balance approach with the four compartments. The
coalescence parameters K3 and K4 were retained from the earlier fit. The average droplet sizes
were matching relatively well with objective function values of ∑Ψ = 0.78 for the first pass
experiments and ∑Ψ = 3.8 for all experiments. But closer inspection of the size distribution
showed bimodality and a wider spread of the droplet sizes.
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2.8 Conclusions

The approach presented in this chapter offered good predictions of the complete droplet size
distribution under various hydrodynamic conditions without excessive computational times. A
CFD simulation was executed first and four compartments were defined directly after the narrow
restriction. The average energy dissipation was calculated for each compartment. The energy
dissipation rates were included in the PBE model. The free parameters in the model were ad-
justed to obtain a good fit of the experimental data. The extensibility of the model was tested
at various pressures for one pass and multiple passes through the high pressure homogenizer at
constant pressure. All in all the parameter values obtained in this work predicted the size dis-
tribution well within the experimental range of the homogenizing apparatus but are expected to
remain equipment dependent.

In order to have predictive control over the droplet size distribution in a homogenizing apparatus
the hydrodynamic features are of importance. In most types of equipment there is no homoge-
neous energy dissipation. There are regions where the energy intensity is high, for example close
to a stirrer or inside a jet. Then it is recommended to divide up the device in so-called com-
partments in order to minimize the inhomogeneity. It has been demonstrated here that the use
of four compartments with each having its own average turbulent energy dissipation improved
the model predictions by 65% compared to the single compartment model. Increasing the num-
ber of compartments will evidently lead to better results but a penalty must be paid because the
optimization time increases. The compartment approach may provide an alternative to the di-
rect coupling of Population Balances with Computational Fluid Dynamics. The compartment
approach is computationally less expensive than direct coupling. Moreover, direct coupling is
physically questionable for geometries where the droplet size is equal or bigger than the con-
fined geometry.

Nomenclature

Abbreviations

CFD Computational Fluid Dynamics
C&T Coulaloglou and Tavlarides
M&K Maass and Kraume
PBE Population Balance Equations
PIV Particle Image Velocimetry
QMOM Quadrature Method of Moments
RANS Reynolds Averaged Navier Stokes
RNG Re-Normalization Group

Latin Symbols

C(v,v′) Coalescence rate m3 s−1
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d Droplet diameter m
d32 Sauter mean diameter m
dv99 Cumulative diameter: P(d ≤ dv99) = 0.99 m
g(v) Breakage rate s−1

j Index for a size class
k Kinetic energy J kg−1

K1−4 Fit parameters
`e Kolmogorov length scale m
nv(v,t) Droplet volume fraction of size v at time t
N Number of size classes
P Pressure Pa
p Number of daughter droplets
r Radial coordinate m
r0 Jet position in homogenizer m
t Time s
u Fluid velocity m s−1

v Daughter droplet volume m3

v′ Mother droplet volume m3

Greek Symbols

α Entrainment coefficient
β(v,v′) Daughter droplet size distribution function m−3

δ0 Starting jet width m
ε Turbulent energy dissipation rate W kg−1

η Viscosity Pa⋅s
φ Dispersed phase volume fraction
ν Kinematic viscosity m2 s−1

ρ Density kg m−3

σ Interfacial tension N m−1

τ Stress Pa
τ

R Reynolds stress Pa
Ψ Objective function value

Subscripts

c Continuous phase
d Dispersed phase
def Deformation
res Residence
v Volume based
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3 Modeling of a Pilot-Scale Production
Process for High Internal Phase

Emulsions; a Two-way Coupling
Approach

Abstract For high internal phase emulsion (HIPE) products the droplet size distribution de-
termines some crucial properties such as product structure, mouth feel and color. It is well
known that the macroscopic emulsion viscosity depends on the continuous phase viscosity, the
average droplet size, the droplet size distribution, the volume fraction of droplets and droplet-
droplet interactions. In turn, during emulsification, the droplet size depends on the viscosity of
the surrounding fluid, which includes the continuous phase and other droplets. A population bal-
ance model was developed to establish two-way coupling for a continuous production process.
The model aimed at simulating the complete droplet size distribution and product viscosity. The
model was validated with experimental data from a pilot scale production facility. Three mayon-
naises with varying oil concentration were made and processed in a colloid mill. The operational
variables were the mixer rotor speed, the gap between the rotor and stator, and the flow rate. In
the design of experiments the operational variables were converted into shear rate and residence
time which decreased the number of independent variables. The viscosity of the mayonnaises
was measured using a parallel plate rheometer and a capillary viscometer. The capillary vis-
cometer was able to measure the mayonnaise viscosity at higher shear rates which mimicked the
conditions in the colloid mill. The viscosity data of both rheometers aligned relatively well and
a modified Cross model was able to capture the data.

3.1 Introduction

For concentrated emulsion products the droplet size distribution is an important variable to con-
trol, because it determines some crucial product properties such as structure, mouth feel and
color. Up to now a lot of research was dedicated to model the complete size distribution of
droplets obtained after a high shear mixing process. The aim of this research was to control
the droplet size distribution by changing operational variables. The droplet size distribution was
modeled for high pressure homogenizers using population balance tools (see e.g. Raikar et al.
(2009), Raikar et al. (2010), Raikar et al. (2011), and Maindarkar et al. (2012)). It was soon
realized that product formulation also plays an important role in the outcome of a mixing ex-
periment. By changing the concentration and/or the type of surface active components the final
droplet size distribution could well be manipulated (see Maindarkar et al. (2013) and Maindarkar
et al. (2015)). The breakage and coalescence of oil droplets were modeled as a function of the
average energy dissipation. More refinement was achieved when more hydrodynamic features
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were incorporated into the models, such as taking the average energy dissipation in various zones
of the mixer (Alopaeus et al., 2002; Almeida-Rivera and Bongers, 2010; Dubbelboer et al., 2014)
or fully integrating a Computational Fuid Dynamics simulation with a population balance in ev-
ery grid cell (Becker et al., 2014). The population balance equation usually contains a couple of
free parameters so that the model could be fitted to experimental data.

The models and experiments cited above were developed for dilute emulsions (<0.10 v/v dis-
persed phase). Dilute, in the sense that the dispersed phase did not influence viscosity too much
and that the macroscopic emulsion viscosity remained Newtonian which could be described by
the famous suspension viscosity equation from Einstein (Einstein, 1906). However, when the
concentration of the dispersed phase is increased the rheological emulsion properties change to
non-Newtonian. The emulsion droplet size distribution starts to have an effect on the macro-
scopic rheological properties. The smaller the droplets the more viscous the emulsion becomes.
This is because dispersions with smaller particles have larger Peclet numbers and Brownian
forces keep dominating longer upon increasing the shear stress (Brady, 2001). For flocculating
dispersions the decrease in droplet size increases the interfacial area and therefore the degree
of flocculation which causes to increase the viscosity (Barnes, 1994). Another explanation for
the increase of the emulsion viscosity by decreasing the droplet size comes from the increase of
the effective volume fraction, which is the sum of the film layer and the volume of all droplets
(Princen, 1986). During an emulsification experiment the droplet size is reduced while simulta-
neously the viscosity of the emulsion increases. This viscosity increase influences the flow and
as a consequence the rate of droplet breakup. Modeling this interaction is stipulated by Janssen
and Hoogland (2014) as the top of the modeling hierarchy in terms of complexity. Therefore
solving the development of the droplet size distribution in time remains far out of reach for prac-
tical industrial cases. Couette type mixers such as the colloid mill operate in the laminar regime
especially when processing very viscous liquids. Then the velocity gradient is constant between
the rotor and the wall. When a mean field viscosity model is opted for, the interaction between
flow and droplet breakup should be feasible, even in an optimization context.

There are many emulsified products available which contain a highly concentrated dispersed
phase, for example, polymeric materials, paints, and foods such as mayonnaises and dressings.
This chapter describes the modeling results of an emulsification process for the manufacturing
of mayonnaise. Mayonnaise is an oil-in-water emulsion stabilized by egg yolk. Other important
ingredients are vinegar, salt, sugar, and mustard. Egg yolk is a mixture of complex biomolecules
from which a few adsorb and unfold at the oil-water interface. A typical mayonnaise production
process consists of two mixers, see Figure 3.1. The first mixer is a fed batch system, where the
oil phase is slowly added to the water phase to ensure the formation of an oil-in-water emulsion.
The second mixer is usually a high shear mixer, which breaks up the coarse oil droplets to reach
the required specifications.

In general mayonnaises and high internal phase emulsions are shear thinning fluids which may
show elastic properties as well. The fact that the droplets have to deform in order to pack together
causes the Laplace pressure of the emulsion to increase. This excess surface energy translates
into elasticity of the system as a whole (Derkach, 2009). Moreover, the gelation of the egg yolk
proteins, which occurs in the aqueous phase, may also contribute to the elasticity of mayonnaise
(Robins et al., 2002; Kiosseoglou, 2003). Components from egg yolk act as the emulsifier in
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Figure 3.1: Part of the production process for mayonnaises and dressings

mayonnaise. The adsorption of egg yolk proteins onto the oil-water interface follows a couple
of steps: first diffusion and anchorage of a large protein particle, then denaturation by disrupting
the protein structures and finally spreading, see the review of Anton (2013). Egg yolk promotes
droplet flocculation and increases the product structure over time. However, a reduced pH limits
the adsorption of egg yolk proteins onto the oil-water interface and the extent of flocculation
decreases significantly. The dynamic interactions of the egg yolk constituents cause the macro-
scopic properties such as viscosity to change over time.

The shear thinning character of mayonnaise could be well described by a Herschel-Bulkley
model (Ma and Barbosa-Cánovas, 1995). The only disadvantage of the Herschel-Bulkley model
is that upon extrapolating the model to processing conditions encountered in the colloid mill, the
viscosity decreases indefinitely. The situation becomes physically unrealistic when the viscosity
drops below the continuous phase viscosity. Then a Cross model becomes more attractive (Cross,
1965). The model of Cross has viscosity plateaus at the low and high shear ends. The problem
with the Cross model is that the location of the viscosity plateaus is not known because the avail-
ability of data is scarce. There exist data on the low shear viscosity plateau for concentrated
emulsions, see e.g. Pal (1992) or Barnes and Nguyen (2001). There are also data published on
high shear-low viscosity plateaus for concentrated systems up to 50 vol% dispersed phase (Ot-
subo and Prud’homme, 1994). In addition, Pal (1992) reported the flow curves of 60 and 70 %
oil-in-water emulsions showing a high shear viscosity plateau. The reason for the lack of data
could be attributed to the difficulty of measuring the viscosity of dispersed systems at shear rates
higher than 103 s−1. In conventional rheometers such as parallel plates, cone-and-plate and con-
centric cylinders inertia effects will start to play a role for typical food emulsions at shear rates
> 103 s−1. Then it becomes impossible to correctly translate the torque into shear stress. The
alternative route to increase the shear rate is to reduce the gap size. However, there is a minimum
gap size allowed for measuring the macroscopic viscosity of emulsions. The gap must be at least
ten times the largest particle size to guarantee homogeneity in the rheometer gap. Typically, cap-
illary viscometers are used to measure high shear viscosity of many complex fluids (Pipe et al.,
2008). The maximum attainable shear rate depends on many factors such as viscous heating or
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inertial effects. At increasing shear rates the droplets will start to deform. Only when the critical
capillary number is exceeded the emulsion structure has irreversibly changed by breaking up the
droplets. The emulsion viscosity was modeled by a modified Cross-equation, which is basically
a shear thinning model with one viscosity plateau at the high shear rate end. The model was
validated with viscosity measurements of mayonnaises containing various oil concentrations and
droplet sizes.

In this work the final mixing step in the manufacturing of mayonnaises and dressings was mod-
eled. A population balance approach was used to predict the complete droplet size distribution.
Because the final mixing step is continuous, a steady state population balance was integrated
over the rotor shaft length. A novelty was introduced in the daughter droplet size distribution
function. The number of fragments was modeled as a function of the mixer conditions and the
material properties via the capillary number (eq. 3.1). So far the number of fragments was an
arbitrary constant in population balance modeling. However, a sensitivity analysis revealed the
number of fragments to be the most sensitive parameter, see Raikar et al. (2011). A strategy will
be introduced on how to implement an expression for the number of fragments which depends on
the droplet size, see section 3.3.5. The other model functions in the population balance originate
from previous work of Maindarkar et al. (2014) and Wieringa et al. (1996). The coupling be-
tween the droplet size and the emulsion viscosity in the population balance kernels (see eq. 3.7)
expresses itself via the capillary number. An design of experiments will be presented to test the
model. The design includes the effects of oil concentration, rotor speed, gap size and flow rate.
The response variables are the droplet size distribution and the viscosity-shear rate dependency.
The kernels in the population balance equation contain free parameters which can be adjusted to
fit the experimental data. The final aim is to find one set of parameters to describe all experiments
of the experimental design.

3.2 Experimental methods

3.2.1 Mayonnaise preparation

Mayonnaise production consists of two steps. The first step is a batch process where all ingre-
dients are blended in a specific order. Here a Silverson High Shear Mixer (L4RT-A, Silverson
Machines, Buckinghamshire, UK) was used at 3500 rpm to prepare 4.5 kg of mayonnaise. The
continuous phase was prepared first in the mixer containing water and egg yolk (egg yolk was
delivered as 92 % liquid egg yolk an 8 % salt, Bouwhuis-Enthoven). Then the oil phase was
added slowly (fully refined soybean oil, identity preserved, Cargill B.V.) and finally 125 g spirit
vinegar (10%, Carl Kühne) was added. Three mayonnaise recipes were prepared with three dif-
ferent concentrations of soybean oil (65, 70 and 75 wt%). The egg yolk-oil weight ratio was
kept at a ratio of 1:10. The amount of vinegar was constant and the water phase was adjusted
accordingly.

The second step of mayonnaise manufacturing is again a mixing step. Immediately after the first
step, the mayonnaise is pumped through a Colloid Mill where the desired product structure is
obtained. This process is continuous. The Colloid Mill used was a pilot scale model from IKA
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Table 3.1: Design of experiments∗

Experiment no. γ̇ tres Rotor speed / rpm Gap / mm Flow rate / kg h−1

1 0 0 6039 0.624 31
2 1 0 6784 0.208 15
3 -1 0 3170 0.624 64
4 0 1 6039 0.624 15
5 0 -1 3170 0.208 48

∗This design applies to all three batches of mayonnaise

(MKO module containing smooth walls). The rotor speed and the gap between the rotor head
and wall were the adjustable variables. The flow rate was controlled by a mono pump. The
experimental design was, however, based on the shear rate and the residence time in the high
shear zone of the mixer. The experimental design for each batch of mayonnaise is presented in
Table 3.1. No interactions between the operational variables are included in the design. The
dependent variables were the droplet size distribution and the viscosity.

3.2.2 Analysis

Droplet size measurements. The droplet size distribution was measured with a static light
scattering device (MasterSizer 2000, Malvern). The mayonnaise samples were strongly diluted
(>10,000 times). The diluted mayonnaise samples clearly showed individual droplets under a
microscope.

Viscosity measurements. The viscosity of the mayonnaises was measured with a parallel plate
rheometer and a capillary viscometer. The parallel plate rheometer (AR 2000, TA Instruments)
was equipped with sandblasted plates, with an upper plate diameter of 4 cm. The distance be-
tween the plates was varied between 0.5 and 1 mm resulting in reproducible flow curves for shear
rates between 0.1 and 500 s−1. The true stress response of the material was obtained through the
Weissenberg-Rabinowitsch correction by relating the shear stress to the shear rate at the edge of
the plate, see Bird et al. (1960, Ch. 2).

The twin bore system from Rosand RH7 was used for the capillary viscosity measurements at
shear rates higher than 1000 −1. Two dies (capillaries) were used with diameters 0.25 and 0.5 mm
and a similar length of 16 mm. Again a Weissenberg-Rabinowitsch correction was necessary to
calculate the true stress versus shear rate at the wall of the capillary (Bird et al., 1960, Ch. 2). Not
all measurements with the two dies superimposed. This is an indication of wall slip (Plucinski
et al., 1998). The Mooney analysis, see Mooney (1931), can in theory quantify the amount of
slip at the wall and correct for it in the viscosity measurements. This was however not attempted.
The pressure transducer was calibrated down to 0.1 MPa and the 0.25 mm die gave the most
reliable results. Moreover, the 0.25 mm die data aligned best with the data from the parallel plate
rheometer. The maximum shear rate applied was limited by the critical capillary number (see
section 3.3). As long as the maximum shear rate was not exceeded the viscosity measurements
were reproducible.
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Figure 3.2: Capillary number as a function of the viscosity ratio between the dispersed and dispersing
phases, empirical correlation for Cacrit from De Bruijn (1989) (—); 50 wt% oil-in-water emulsions (⧫);
also 50 wt% oil-in-water emulsions produced under turbulent conditions (◊); and 70 wt% oil-in-water
emulsions (●)

3.3 Emulsification theory and modeling

The capillary number is the ratio of the shear stress acting on the droplet and the Laplace pressure
inside the droplet:

Ca = ηcγ̇R
σ

(3.1)

In equation 3.1, ηc is the continuous phase viscosity, γ̇ is the shear rate, R is the droplet radius
and σ is the interfacial tension. The interfacial tension is not constant during emulsification.
The stretching of droplets causes an increase in surface area and a dilution of the surface cov-
erage. Then there is adsorption of surface active components from the bulk which decrease the
interfacial tension.

The critical capillary number (Cacrit ) determines the stability of the droplet. Cacrit is a function
of the viscosity ratio (λ ) of the dispersed and continuous phase; and of the type of laminar flow
i.e. simple, extensional or rotational flow. Figure 3.2 displays the critical capillary number for
two types of emulsions and an empirical fit from De Bruijn (1989). All capillary numbers were
obtained in simple shear flow. The empirical fit from De Bruijn (1989) is the result of single
droplet breakup experiments between two concentric cylinders. The data points displayed in
Figure 3.2 are from 50 and 70 wt% oil-in-water emulsions and come from Maindarkar et al.
(2014).
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It is common to replace the continuous phase viscosity by a mean field emulsion viscosity for
high internal phase emulsions (Jansen et al., 2001b). The data from Maindarkar et al. (2014)
reveal that the mean field viscosity works relatively well for concentrated emulsions. The max-
imum stable droplet size in a pilot scale mixer can therefore be estimated from the correlation
given by De Bruijn (1989), except when the laminar conditions in the colloid mill are violated.
There are six data points shown in Figure 3.2 where the simple shear conditions are most likely
lost. This was because the colloid mill was operated at high rotational speeds. Above a critical
rotational speed counter-rotating toroidal vortices (now known as Taylor vortices) appear. These
vortices are superimposed to the main Couette flow (Giordano et al., 1998). The onset of insta-
bilities in viscous flow between conical cylinders was reported to occur at rotational Reynolds
numbers of 117 (Qiu-shu et al., 2010), 132 (Noui-Mehidi et al., 2005) and 373 (Wimmer, 1995).
The critical (rotational) Reynolds number depends very much on the geometry and the contribu-
tion of an axial flow component. It has been shown experimentally that axial flow has a stabilizing
effect on the formation of instabilities (Giordano et al., 1998). The rotational Reynolds number
varies over the axial position of the conical cylinders due to the changing radius as well as the
changing micro-structural and rheological properties of the liquid product. Emulsification in the
transitional flow regime is equally efficient but harder to control. Therefore it is recommended
to operate at Reθ < 100.

3.3.1 Mayonnaise viscosity modeling

In concentrated emulsions such as mayonnaise the droplets are packed together. In many may-
onnaise systems the concentration of dispersed phase is even higher than the maximum packing
fraction for solid spheres and as a consequence the droplets deform. The maximum packing
fraction is a function of the droplet size distribution. Polydisperse bimodal distributions have a
considerably higher maximum packing fraction than monodisperse emulsions. The maximum
packing fraction was here calculated using the theory of Ouchiyama and Tanaka (1984). The mi-
croscope images in Figure 3.3 indeed show deformed droplets for the three premix mayonnaises,
hence characterizing the mayonnaises as high internal phase emulsions (Pal, 2006).

There is a limited amount of literature available on the topic: viscosity modeling of high inter-
nal phase emulsions. The heavily cited model of Princen and Kiss (1989) is a semi-empirical
model to predict the viscosity of highly concentrated emulsions. The model has a yield stress
and a shear thinning contribution much like the Herschel-Bulkley equation. A theoretical model
developed by Tcholakova et al. (2008) aimed at prediction of the viscous stress component of
concentrated emulsions and foams. This theoretical model did not contain any adjustable param-
eters. The model of Jansen et al. (2001a) is a semi-empirical model to predict the viscosity of
dilute to concentrated emulsions. The model of Jansen et al. (2001a) has two viscosity plateaus,
a structure resembling the Cross viscosity model (Cross, 1965). Moreover the model was build
for emulsions which had an excess of emulsifier and depletion interactions appeared to be the
dominant attractive force.

In this study a parallel plate rheometer and a capillary viscometer were used to measure the
flow curve (viscosity as a function of shear rate) of the mayonnaises. A reduced Cross model is
introduced to explain the data of both viscometers, see equation 3.2. The model contains only a
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Figure 3.3: Left (Figures A-C): light microscope images of the coarse emulsions with 65, 70 and 75 wt%
oil, respectively; right (Figures a-c): droplet size distributions of the coarse emulsions measured with static
light scattering where the volume fraction, the theoretical maximum packing fraction (calculated with the
theory of Ouchiyama and Tanaka (1984)) and the Sauter mean droplet diameter are given.
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viscosity plateau at the high shear end.

ηr = ηr,∞+Kγ̇
m (3.2)

In equation 3.2, ηr is the relative viscosity. The continuous phase consists of egg yolk, salt and
vinegar dissolved in water. The viscosity of the continuous phase was measured to be Newtonian
over the range of shear rates studied. In equation 3.2 ηr,∞ is the relative plateau viscosity for
high end shear rates (then ηr,∞ > 1); γ̇ is the shear rate and K and m are free parameters. The
experimental data were fitted to equation 3.2 with ηr,∞, K and m as fit parameters. Then these
parameters were modeled using an approach similar to Princen and Kiss (1989). The high shear
viscosity plateau (ηr,∞) was modeled by:

ηr,∞ = a1 exp( KIφ

1−a2φ
) (3.3)

The parameter KI in equation 3.3 is defined in Pal (1992), a1 and a2 are free parameters. The
data suggest a1 = 0.052 and a2 = 0.82. In this study a function was derived for the parameter K,
for emulsions with a constant surface tension:

K = φ −0.655
4D3,2

(3.4)

The factor 1/4 must have the dimensions: m sm, to make equation 3.4 dimensionally correct
for application in equation 3.2. D3,2 in equation 3.4, is the Sauter mean diameter. The slope
parameter m in equation 3.2 was found to be a function of the dispersed phase volume fraction
only:

m = −0.82∗φ . (3.5)

The slope is negative which implies that the fluid is shear thinning. The magnitude of the slope
increases with increasing dispersed phase volume fraction.

3.3.2 Population balance modeling

A schematic representation of the colloid mill is displayed in Figure 3.4. A particle number
balance will be derived for the high shear zone in the colloid mill. In line emulsification with a
rotor stator system can be assumed to be at steady state. A general formulation of a steady state
population balance equation with only convection in physical space is given in equation 3.6. For
the derivation of the complete population balance equation, see Ramkrishna (2000, Ch. 2) or
Solsvik and Jakobsen (2015). These authors use more or less the same notation. Here a notation
is used which is more in line with our already published work.

∇r ⋅ [Ṙn(x,r)] = J (x,r) . (3.6)

In equation 3.6, n is the number density function, r are the external coordinates in physical space,
x are the internal coordinates, and Ṙ stands for the physical motion in the direction of r. The
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Figure 3.4: The high shear zone of the colloid mill from IKA (MKO module)

most obvious choice for the internal coordinate, in the case of emulsions, is the particle or droplet
volume, v. J(v,z)dv is the net rate of generation of droplets in the volume range between v and
v+ dv. For particles which breakup and aggregate the net rate or source term is (Kumar and
Ramkrishna, 1996; Ramkrishna, 2000; Maindarkar et al., 2012):

J(v,z) =−g(v)n(v,z)+∫
∞

v
β (v,v′)g(v′)n(v′,z)dv′

−n(v,z)∫
∞

0
C(v,v′)n(v′,z)dv′ (3.7)

+ 1
2 ∫

v

0
C(v−v′,v′)n(v−v′,z)n(v′,z)dv′

In equation 3.7, g is the droplet breakup rate, β is the redistribution function also known as the
daughter droplet size distribution function and C is the coalescence rate. Cylindrical coordinates
were applied to equation 3.6. Upon assuming prefect radial and angular mixing, equation 3.6
turns into equation 3.8.

vz
dn(v,z)

dz
= J (v,z) (3.8)

In equation 3.8 vz is the fluid velocity in the axial (z)-direction. Equation 3.8 assumes plug flow
along the mixer shaft. This assumption is justified by the fact that viscoplastic fluids move as
a plug when the wall stress is comparable to the yield stress of the material. For the axial flow
of mayonnaises in the colloid mill, the axial wall stress component is indeed of the same order
of magnitude as the yield stress, see Chapters 4 and 6 for quantification of the yield stress of
mayonnaises. The no-slip condition applies because of the rough inner walls of the colloid mill.
Note that the angular velocity gradient causes the droplets to deform. The average fluid velocity
in the angular direction is two orders of magnitude larger than the average velocity in the axial
direction, i.e. vθ ≫ vz.
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In experiments the flow rate is controlled by a mono pump. Therefore the volumetric flow rate
Fv is constant but because of the conical shape the average velocity in the axial direction changes
with z. The cross sectional area increases towards the exit of the mill. Rewriting equation 3.8
leads to equation 3.9.

dn(v,z)
dz

= J (v,z)A(z)
Fv

(3.9)

in which A(z) is the cross sectional area normal to the flow direction. The population balance
model in eq. 3.9 needs to be supplied with boundary conditions, i.e.

n(v,0) = n0(v) (3.10)

The initial droplet size distribution, n0(v) is the size distribution obtained in mixing step one, i.e.
Mixer 1 in Figure 3.1. What is left are the functions g, β and C in equation 3.7.

3.3.3 Coalescence rate function

The coalescence rate, C, is modeled as the product of the collision frequency h(v,v′) and the
coalescence efficiency Λ(v,v′) between droplets of volume v and v′. The coalescence efficiency
is introduced, since not all collisions lead to coalescence, especially not when a surface active
component is present. Velocity gradient induced collisions are proportional to the velocity gradi-
ent (Liao and Lucas, 2010). A model for the collision frequency in simple shear flow was already
formulated by Maindarkar et al. (2014), and is given in equation 3.11.

h(v,v′) =K1
γ̇

(1−φ) (v1/3+v′1/3)
3

(3.11)

Here K1 is an adjustable parameter. The coalescence efficiency for deformable partially mobile
droplets was derived by Chesters (1991).

Λ(v,v′) = exp
⎛
⎜
⎝
−K2λCa3/2⎛

⎝
8πσR2

eq

AH

⎞
⎠

1/3⎞
⎟
⎠
, (3.12)

For two unequal sized droplets the coalescence efficiency is similar to that of two droplets which
have a equivalent radius, Req,

R−1
eq = (R−1

1 +R−1
2 )/2 (3.13)

In equation 3.12, K2 is a free parameter, λ is the viscosity ratio and AH is the Hamaker constant.
This coalescence model was the same as reported by Maindarkar et al. (2014). The breakage
models are slightly different from that publication and will be outlined below.
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3.3.4 Breakage rate function

The breakup rate, g, is calculated by multiplying the breakup frequency with the breakup proba-
bility. In the colloid mill a homogeneous shear field is assumed, where every droplet experiences
the same force whatever the radial and angular position at a certain value of z. Contrary to turbu-
lent emulsification described in the previous chapter, where droplets might or might not be hit by
an energetic eddy which could result into droplet breakup. In turbulent flow the breakup prob-
ability is spatially distributed as well as distributed along the internal coordinate, which is the
droplet size. However, for laminar flow the particle breakup probability is one if Ca >Cacrit and
zero if Ca ≤Cacrit , hence a unit step function was implemented. The droplet breakup frequency
for droplet breakup in simple shear flow is generally calculated by the inverse droplet breakup
time (Wieringa et al., 1996). The droplet breakup time is given by equation 3.14.

tb =
Rηe

σ
f (λ) (3.14)

Note that the original dispersing phase viscosity is replaced by the mean field emulsion viscosity,
ηe. The function f (λ) in equation 3.14 is the dimensionless breakup time and it is a function
of the viscosity ratio, λ . The work of Wieringa et al. (1996) presents dimensionless breakage
times of several authors for single droplet breakup events. The function, f (λ) = 60∗λ

0.33 is a fit
through the data presented in Wieringa et al. (1996). The breakage rate function becomes:

g(v) = K3

tb(v) (3.15)

K3 is a free parameter which will be found by comparing the population balance calculated results
with the experimental results.

3.3.5 Number of fragments and the daughter droplet size distribution func-
tion

The number of fragments as a result of a single droplet breakage event turned out to be a very
important parameter in the population balance approach (Raikar et al., 2011). The previous
series of publications used either binary breakage (Raikar et al., 2009) or multiple breakage
with a constant number of fragments which matched the final droplet size distribution (Raikar
et al., 2010, 2011; Maindarkar et al., 2012, 2014; Dubbelboer et al., 2014). However, the results
of single droplet breakup experiments demonstrated that the number of fragments is actually a
function of the viscosity ratio, mother droplet size and flow conditions. The PhD thesis of Marks
(1998) and internal Unilever documentation showed that the number of fragments scales with
(Ca/Cacrit)3. To implement this scale factor in the population balance equations the following
equation was used:

p = 2+( Ca
Cacrit

)
3
, (3.16)

where p is the number of daughter droplets. The addition of 2 is a requirement for implementa-
tion of equation 3.16 into the daughter droplet size distribution function, see equation 3.17 below.
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It has been shown that single droplets stretch to long cylinders upon exceeding the critical capil-
lary number. The fragments are more or less equisized with the possible formation of satellites
and sub-satellites (Grace, 1982; Zhao, 2007) and visualized in couette devices by Marks (1998)
and Changzhi and Liejin (2007). Maindarkar et al. (2014) used an arbitrary bimodal daughter
droplet size distribution function, to model the droplet sizes of fragments and satellites. The
droplet sizes of the fragments and the satellites were not experimentally determined. In the
present work we discard the formation of satellite droplets, since the contribution to the volumet-
ric droplet size distribution is negligible. Equation 3.16 is implemented in a narrow unimodal
size distribution. The starting point of the derivation of equation 3.17 is the normal distribution
for daughter droplet volumes already formulated by Valentas et al. (1966). The average daughter
droplet size then equals v′/p(v′). The standard deviation is chosen to be one tenth of the average
size, ensuring a narrow distribution. The result is:

β (v,v′) = 5

√
2
π

p2

v′
exp

⎛
⎝
−50(v−v′/p)2

(v′/p)2

⎞
⎠

(3.17)

The daughter droplet size distribution function, β(v,v′), is sometimes referred to as the redis-
tribution function in population balance modeling. The number and volume population balance
formulation imposes two constraints on the redistribution function; namely the zeroth moment
should equal p and the first moment should equal v′, see e.g. Solsvik et al. (2013). The advan-
tage of using a normal distribution is that the constraints for the daughter droplet size distribution
are readily satisfied. Another advantage is that for the number of fragments function 3.16 inte-
gers are not needed. The implementation of equation 3.17 in the fixed pivot scheme of Kumar
and Ramkrishna (1996) was fairly straightforward with a good conservation of volume. Now
a daughter droplet size distribution function is obtained which is directly a function of single
droplet breakup events which are in turn dependent on the system properties, i.e. η , λ , γ̇ , v′ and
σ .

3.3.6 Parameter optimization

The total number of free parameters in this study is three, i.e. K1, K2 and K3 in equations 3.11, 3.12
and 3.15. The following objective function was formulated to find the free parameter values.

Ψ =
M

∑
j
(n[ j]

exp−φ j)
2

(3.18)

in which M is the number of discrete size classes, n[ j]
exp is the measured volume fraction of droplets

in size class j and φ j is the calculated volume fraction of droplets in size class j. The transition
from a continuous number density variable (n) to a discreet volume fraction (φ j) was done by
equations 2.18 and 2.30. The optimization problem appeared to be non-convex. For that reason
the Genetic Algorithm (MATLAB), a global non-linear optimization algorithm, was used to find
the adjustable parameter values corresponding to the lowest objective function value.
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3.3.7 The interfacial tension

The interfacial tension is dynamic for oil-in-water emulsions stabilized by egg yolk, because
equilibrated adsorption and desorption takes a long time to achieve. Mainly low density lipopro-
teins (LDL) adsorb onto the oil-water interface and to a minor extend livetins and phosvitins
(Anton, 2013; Kiosseoglou, 2003; Kiosseoglou and Sherman, 1983a). The adsorption of egg
yolk components and as a consequence the interfacial tension depends very much on local con-
ditions, i.e. the pH, the salt concentration, and even the sugar concentration and mustard addition
(Depree and Savage, 2001; Kiosseoglou, 2003; Anton, 2013).

The measurement of the interfacial tension of egg yolk adsorbed onto oil-water interfaces was
performed by Mel’nikov (2003) and Kiosseoglou and Sherman (1983b). Pure triacylglycerides
derived from sunflower oil have a constant interfacial tension in water of 30 mN m−1. In the
presence of egg yolk the interfacial tension decreases slowly to an equilibrium value of approxi-
mately 5 mN m−1 depending on the surrounding conditions i.e. pH and salt concentrations. Here,
a constant interfacial tension was assumed of 10 mN m−1, because a coarse mayonnaise mixture
entered the colloid mill already containing adsorbed egg yolk proteins on the oil-water interface.

3.4 Results and discussion

3.4.1 Mayonnaise viscosity modeling

Figure 3.5 presents the mayonnaise viscosity data. The viscosities of the mayonnaise samples
were measured with a parallel plate rheometer and with a capillary rheometer. From the trends
towards high shear rates no clear viscosity plateaus were observed. Nonetheless a plateau model
was fitted to the data since the emulsion viscosity was unlikely to drop below the continuous
phase viscosity. The fitted versus modeled parameters of the plateau viscosity model (eq. 3.2)
are listed in Table 3.2. The data in Table 3.2 are from the same three mayonnaises as in Figure 3.5.
The total average model error, when comparing to the data of both rheometers, is 26%, which is
the mean of all mayonnaises containing 65 wt% oil. For the mayonnaises containing 70 and 75
wt% oil, the mean errors are 23 and 18 %, respectively.

Previously published experimental studies, measuring the viscosity of concentrated emulsions,
showed a scaling of viscosity proportional to γ̇d2, where d is the droplet diameter, see e.g. Otsubo
and Prud’homme (1994). Jansen et al. (2001a) analyzed a range of experimental studies and
attributed the viscosity scaling (γ̇d2) to micelles depletion forces. The experimental studies cited
by Jansen et al. (2001a) described emulsion formulations where the surfactant concentration was
above CMC. Often the emulsifying components are added in excess to stabilize the concentrated
emulsions, without knowing the effect of depletion. In the studies of Princen and Kiss (1989) and
more recently, Tcholakova et al. (2008) the emulsion viscosity showed to be proportional to γ̇d
and no depletion interactions were considered. The fact that the mayonnaise viscosity measured
here scaled better with ∼ γ̇d2 could be an indication of depletion interactions in mayonnaise.
ηr −ηr,∞ in equation 3.2 is proportional to the reciprocal value of the droplet diameter or ∝
(γ̇d2)m with m ∼ −1/2. Depletion and the resulting flocculation of oil droplets has been ascribed
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Figure 3.5: Viscosity data of three mayonnaises with 65, 70 and 75 wt% oil, from bottom to top; measured
with parallel plates (○) and capillary viscometry (∎); the data is fitted by eq. 3.2 (⋅ ⋅ ⋅) and modeled by
equations 3.2 to 3.5 (—)

to viscosity increase of egg yolk emulsions before (Anton, 2013; Depree and Savage, 2001;
Kiosseoglou and Sherman, 1983a).

A shear rate of 50 s−1 is often used as a characteristic shear representing the movements of the
mouth (Maruyama et al., 2007; van Aken et al., 2011). The viscosities of the final product will
therefore be compared at a shear rate of 50 s−1. In Figure 3.6, the model predictions of the
mayonnaise viscosity at γ̇ = 50 s−1 are compared to the measured values.

3.4.2 Population balance modeling results and discussion

The model predictions of the droplet size distributions are displayed in Figures 3.7 and 3.8. In
these figures the model was fitted to every individual experimental result from Table 3.1. The
model was able to reproduce all the measured size distributions relatively well, especially the
75 wt% oil mayonnaises, see Figure 3.8. However, every modeled curve has its own set of
parameters. To check the generality of the model one set of parameters should be able to explain
all observations. Therefore the average parameter values with their standard deviation are listed
in Table 3.3.

The large standard deviations in Table 3.3 indicate that the optimized parameter values from one
experiment do not necessarily describe the experimental observations of another experiment.
Nonetheless, the average parameter values were taken and tested on all experiments in the ex-
perimental design. The result is displayed in Figure 3.9. Four statistical parameters were used
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Table 3.2: Fitted and modeled viscosity parameters of equation 3.2, of the three mayonnaises displayed in
Figure 3.5

φ / wt% Parameters Fit (eq. 3.2) Model (eq. 3.3, 3.4 and 3.5)

65 ηr,∞ 1.0 1.4
K 273 278
m -0.49 -0.49

70 ηr,∞ 5.9 2.7
K 1.8⋅103 2.0⋅103

m -0.66 -0.59

75 ηr,∞ 9.0 5.9
K 5.6⋅103 5.9⋅103

m -0.70 -0.69
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Figure 3.6: Viscosity predictions versus observations at a shear rate of 50 s−1 of all mayonnaises

Table 3.3: Optimized parameters of equations 3.11, 3.12 and 3.15

Parameter Mean Standard deviation

K1 12 31
K2 0.003 0.002
K3 1.1 0.9
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Figure 3.7: Modeling results of experiment 1
(see Table 3.1) for the 65 wt% (a), 70 wt% (b)
and 75 wt% (c) oil mayonnaises, with droplet
size on the x-axis and the volume fraction (see
eq. 2.30) on the y-axis. Inlet droplet size distri-
bution (⋅ ⋅ ⋅), Outlet droplet size distribution mea-
sured (—) and calculated (– –)

63



Chapter 3. Modeling of a Pilot-Scale Production Process for High Internal Phase Emulsions; a
Two-way Coupling Approach

Figure 3.8: Modeling results of experiment 3
(a), 4 (b) and 5 (c) (see Table 3.1) for the 75 wt%
oil mayonnaise, with droplet size on the x-axis
and the volume fraction (see eq. 2.30) on the y-
axis. Inlet droplet size distribution (⋅ ⋅ ⋅), Outlet
droplet size distribution measured (—) and cal-
culated (– –)
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to characterize the size distributions: the surface-weighted mean diameter D3,2, the cumulative
diameters Dv,10 and Dv,90 and the Span. The surface-weighted mean diameter also known as the
Sauter mean diameter is calculated by:

D3,2 =
∑M

j N jd3
j

∑M
j N jd2

j

(3.19)

A volume based droplet size distribution with a cumulative diameter (Dv,i) has i % smaller
droplets. In other words: the change (P) of finding smaller droplets than Dv,i is i %, i.e.

P(d ≤Dv,i) = i %. (3.20)

The Span is defined as:

Span = Dv,90−Dv,10

Dv,50
. (3.21)

The trends in average droplet size are displayed in Figure 3.10 as a function of the independent
variables: shear rate and residence time according to the experimental design, see Table 3.1. Note
that these independent variables are not really independent. The shear rate can be manipulated
by the rotor speed and the gap width. The residence time can be manipulated by the flow rate
and the gap width as well. The trends in average droplet sizes are as expected, i.e. smaller
droplets are obtained upon increasing the shear rate and the residence time. The model was able
to reproduce the downward trend in average droplet size with increasing shear rate and residence
time relatively well. The experimental trends in Figure 3.10, for the 75 wt% mayonnaises, were
reproduced the best by the model. This could be explained by the viscosity model which is more
accurate for the more concentrated mayonnaises. The viscosity measurements with the capillary
rheometer were not yet corrected for wall slip and therefore the true high shear rate viscosities
might not be correctly represented by the model.

The functions for the dimensionless breakup time and the number of fragments were based on
actual experiments. Albeit on breakup of a single droplet in a continuous medium. However,
for mayonnaises the droplets are breaking up while being in direct contact with other droplets.
The dynamic droplet-droplet interactions may well be the dominating mechanism behind droplet
breakup in high internal phase emulsions under shear, see as well the discussion of Tcholakova
et al. (2011). In the work of Rosenfeld et al. (2014) droplet breakup in concentrated emulsions
flowing through a narrow channel was studied, being one of the few investigations actually visu-
alizing droplet breakup in high internal phase emulsions. Rosenfeld et al. (2014) concluded that
droplet-droplet interactions were the main driver for fragmentation, because single droplets did
not fragment in the channel. It has been shown as well experimentally that breakup of neighbor-
ing cylindrical threads is different from that of a single liquid thread (Elemans et al., 1997; Knops
et al., 2001). The initialization of periodic disturbances over the thread surface takes longer than
for that of a single cylindrical thread. The growth rate of the disturbances leading to breakup of
the liquid thread was found to be the same for single and neighboring threads (Elemans et al.,
1997; Knops et al., 2001).
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Figure 3.9: Parity plots of the statistics (Dv,10, Dv,90, D3,2 and Span) from the droplet size distributions of
the 65 wt% oil (○), the 70 wt% oil (+) and 75 wt% oil (△) mayonnaises
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Figure 3.10: Sauter mean diameters of the 65 wt% oil (○), the 70 wt% oil (+) and 75 wt% oil (△) may-
onnaises obtained after mixing as a function of the applied shear (left) and the residence time in the mixer
(right). The model predictions are also displayed for the 65 wt% oil (—), the 70 wt% oil (– –) and 75 wt%
oil (⋅ ⋅ ⋅) mayonnaises

The droplet-droplet interactions were approximated by a mean field approach. The mean field
model uses an effective emulsion viscosity instead of the continuous phase viscosity. With the
current model it is possible to describe every experiment very accurately with a separate set of
parameters, see Figures 3.7 and 3.8. However, when attempting to describe the entire experi-
mental dataset with just one set of parameters the prediction accuracy significantly decreases. In
some cases the difference between experimental results and model predictions is one order of
magnitude, see Figure 3.9. Prediction may well improve when the effect of neighboring droplets
on breakup in high internal phase emulsions is taken into account in the model. Besides the
mean field approach no such model exists which captures the droplet-droplet interactions during
emulsification of high internal phase emulsions, to the best of the authors knowledge.

3.5 Summary and conclusions

A population balance model was developed for the second mixer, i.e. a colloid mill, in a mayon-
naise production process. The model aimed at reproducing the complete droplet size distribution
and product viscosity parameters. The most important developments are summarized here:

• The population balance model was extended with a variable number of fragments in the
redistribution function. The number of fragments scaled with the capillary number, as was
observed in individual droplet breakup experiments.

• The viscosity-droplet size interaction plays an important role for emulsification of con-
centrated systems. It is well known that the emulsion viscosity depends on the average
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droplet size, droplet size distribution and concentration of dispersed phase. While in turn
the droplet size depends on the viscosity of the surrounding fluid, which is in the case of
high internal phase emulsions the mean field emulsion viscosity.

• A capillary viscometer was used to measure the mayonnaise viscosity at high shear rates.
These high shear rates were encountered during emulsification with the colloid mill. Re-
producible results were acquired when the critical capillary number was not exceeded. No
evidence was found of a plateau viscosity at high shear rates. Nonetheless a viscosity
plateau was hypothesized because the emulsion viscosity is not likely to drop below the
continuous phase viscosity.

• A viscosity model was developed for high internal phase emulsions which included a shear
thinning region and a high shear-low viscosity plateau. The model was based on the plateau
model developed by Cross. This is the first emulsion viscosity model validated with actual
data at high shear rates. The mayonnaise viscosity was a function of micro-structural
variables including the surface-weighted mean droplet diameter and the volume fraction
of dispersed phase.

• The population balance formulation, which was integrated over the length of the mixer
shaft, allowed for monitoring the droplet size distribution and the viscosity at every axial
position in the mixer. Only the mixer inlet and outlet viscosities and droplet size distribu-
tions were experimentally verified.

• The population balance model for the droplet size distribution was validated with experi-
mental data from a pilot scale test rig which is able to produce up to 180 kg h−1 of mayon-
naise. An experimental design reduced the number of independent operational variables
from three (flow rate, rotor speed and gap width) to two (shear rate and residence time).

Nomenclature

Latin Symbols

A Cross sectional area m2

AH Hamaker constant J
C(v,v′) Coalescence rate m3 s−1

Ca Capillary number
d Droplet diameter m
D3,2 Sauter mean diameter m
Dv,i Cumulative droplet diameter m
Fv Volumetric flow rate m3 s−1

g(v) Breakage rate s−1

h(v,v′) Collision frequency m3 s−1

J Source term population balance m−6 s−1

K Consistency Pa sn
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K1−3 Fit parameters
KI Pal’s viscosity parameter
m Fit parameter
n Number density m−6

p Number of daughter droplets
Ṙ Fluid motion m s−1

R Droplet radius m
Reθ Rotational Reynolds number
r External coordinates m
tb Droplet breakup time s
tres Residence time s
v Droplet volume m3

vz Axial velocity m s−1

x Internal coordinates m
z Axial coordinate m

Greek Symbols

β(v,v′) Daughter droplet size distribution function m−3

ηc Continuous phase viscosity Pa s
ηe Mean field viscosity Pa s
ηr Relative viscosity
ηr,∞ High shear relative viscosity plateau
φ j Dispersed phase volume fraction size class j
φ Dispersed phase volume fraction
φmax Maximum packing volume fraction of solid spheres
γ̇ Shear rate s−1

Λ(v,v′) Coalescence efficiency
λ Viscosity ratio
σ Surface tension N m−1

Ψ Objective function value
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4 Penetrometry Analysis of Structured
Liquids

Abstract The texture attributes obtained by penetrometry analysis correlate well with sensory
attributes. Furthermore, most factories producing liquid foods or pastes use penetrometry de-
vices for quality control. Therefore the penetrometer should become an indispensable machine
for the food industry. A penetrometer pushes a solid object into a product and measures the resis-
tance to deformation or flow. This chapter presents methods which show how to extract relevant
rheological parameters from a series of penetrometry tests. Therefore various fluids, from Newto-
nian to thixotropic viscoplastic liquids, were characterized by conventional rheometry. The same
fluids were also subject to measurements with the penetrometer. The probe of the penetrometer
was a grid comprising of woven metal cylinders. This complex geometry of the probe made it
impossible to accurately compute the stresses on the surface. Nonetheless the equilibrated re-
sisting force was compared to drag flow correlations from literature. The probe was simplified
in a CFD simulation which provided a correlation from which the rheological parameters could
be extracted. The viscosity of Newtonian liquids was determined satisfactorily from these corre-
lations. Likewise the flow index of shear thinning materials could be computed relatively well.
The yield stress was determined best from the flow curves obtained by the penetrometer.

4.1 Introduction

Penetrometry analysis is a relatively simple test which measures the resistance to deformation
or flow. A penetrometer pushes a solid object into the product of study at a constant speed and
reports the force or measures the depth or velocity at a constant force. It is a widely applied
tool to recover information about: the mechanical properties of dairy products (Campos et al.,
2002; Wright et al., 2001), apple quality (Mehinagic et al., 2003), cookie dough texture (Booth
et al., 2003), texture attributes of mayonnaises (Liu et al., 2007), salt contents in polymer melts
through estimation of the viscosity (McLin and Angell, 1996), and identifying the composition
of extraterrestrial surfaces (Kömle et al., 2001; Atkinson et al., 2010) to name a few. Penetrom-
etry analysis is especially attractive for industrial purposes, for example, because of its simple
nature, relatively low cost, in situ application and therefore limiting structure breakdown during
sampling. The flow tests developed in industry often deal with complex flow patterns and unde-
veloped flow. This is partly due to the complex geometry of some probes and on the other hand
because of the intricate rheological response of non-Newtonian liquids. Often a needle (Hayashi
et al., 2003), a cone (Gorshteyn et al., 1999), a disk (Liu et al., 2007) or a grid comprising of wo-
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ven metal cylinders (Anton et al., 2013) is used as a probe in penetrometry tests. The viscosity of
Newtonian liquids is easily computed via an empirical relation for conical shaped probes (McLin
and Angell, 1996). Characteristics of non-Newtonian liquids were also determined using a rect-
angular plate as probe (Boujlel and Coussot, 2012). With a well defined rectangular plate it was
possible to compute the stresses on the plate and to relate these to the measured drag forces. The
yield stress was determined satisfactorily from a relaxation test with the penetrometer as well
as the flow index from penetration runs at multiple speeds (Boujlel and Coussot, 2012; Tikmani
et al., 2013).

In this study it is attempted to extract non-Newtonian flow parameters from penetrometry tests
with a probe descibed by Anton et al. (2013) and Kuil et al. (2004), see Figure 4.1. This grid
is used for industrial penetrometry tests of mayonnaises to determine the Stevens value which
is a measure for firmness (Anton et al., 2013; Kuil et al., 2004). Firmness or hardness repre-
sents the maximum force required to penetrate a sample (Mohamed and Morris, 1987; Batista
et al., 2006). Note that the force needed to pull up the probe is a measure for cohesiveness or
stickiness (Liu et al., 2007). The area under the penetration curve is a measure for consistency
and the negative area for the work of adhesion or adhesiveness, the names of the attributes are
used interchangeably. The attributes defined by the penetration curves appear to say something
about the sensory perception of the product and indeed correlations have been found between the
parameters from the penetration curves and panel scores of e.g. mayonnaises (Liu et al., 2007;
Worrasinchai et al., 2006). What is lacking is a clear description of the penetrometry measure-
ment in terms of rheological parameters from the constitutive equations describing the materials.
Two major challenges are foreseen. First, the complex geometry of the probe makes it hard to
interpret the flow field. The stresses will be non-homogeneously distributed around the grid as
opposed to conventional rheometry where the stresses are constant throughout the material at a
single deformation rate. Second, the liquids under study are non-Newtonian and the flow is often
time dependent. Therefore it is likely that the flow will not be fully developed for some fluids
during the duration of a penetrometry test.

For this study a range of fluids have been measured. To start with, Newtonian fluids were ana-
lyzed. The probe consisting of woven metal cylinders was simplified as a single long cylinder.
The drag flow on a cylinder moving through a Newtonian liquid can be computed from well
known empirical drag flow correlations. Nonetheless a CFD analysis was performed to study the
effect of neighboring bars on the total drag and a new dimensionless correlation was formulated
and compared to the experimental results. A series of non-Newtonian liquids was tested and an-
alyzed starting with a Carbopol solution. A Carbopol solution forms a gel showing strong shear
thinning properties without hardly any hysteresis in the flow curves (Barry and Meyer, 1979).
Shear thinning and the absence of hysteresis make the material perfect for studying penetrome-
try because most likely during a measurement a fully developed flow will be obtained. Therefore,
Carbopol solutions are a benchmark liquid for studying non-Newtonian behavior (Piau, 2007).
Xanthan gum solutions are shear thinning and have been studied in depth by Podolsak et al.
(1996) and Milas et al. (1990) and more recently by Zhong et al. (2013). However, at a constant
stress or deformation rate the Xanthan gum solutions will thin out. This thixotropic behavior was
quantified in this study but only the steady state flow curve was correlated to the penetrometry
results. The more concentrated Xanthan gum solutions exhibit a yield stress (Whitcomb and
Macosko, 1978). Then the steady state flow curves will be fitted by a Herschel-Bulkley model,
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see equation 4.5. The Xanthan gum solutions which do not show a yield stress will be fitted by a
Power Law model, see equation 4.8.

Real mayonnaise is a High Internal Phase Emulsion (HIPE); meaning the dispersed oil phase
fraction is higher than the maximum packing of solid spheres (Derkach, 2009). This causes
the oil droplets to loose their spherical shape. As mentioned in the previous chapter the random
maximum packing fraction for a mono modal emulsion is already reached at a volume fraction of
65%. Then the larger droplets deform first. The excess surface energy translates into elasticity of
the system as a whole (Derkach, 2009). Moreover, the gelation of the egg yolk proteins may also
contribute to the elasticity of mayonnaise (Robins et al., 2002; Kiosseoglou, 2003). Mayonnaises
can be characterized as elastic shear thinning fluids. Besides that, mayonnaise viscosity depends
on the shear history (Abu-Jdayil, 2003; Singla et al., 2013), and does not always fully recover.
This could be attributed to the acids which influence the gelation point of egg yolk solutions
(Anton, 2013). Nonetheless in this study reproducible steady state flow curves of mayonnaise
samples were obtained within a maximum period of two days after production. These flow curves
were fitted with a Herschel Bulkley model. The results obtained by penetrometry were compared
to model emulsion systems containing an anionic surfactant (Sodium dodecyl sulphate (SDS))
and an dispersed oil phase with a concentration of more than 70 per cent by volume. In one model
emulsion system the surfactant concentration was 100% above the critical micelle concentration
in pure water. Once adsorbed, SDS is an anionic surfactant which causes the oil droplets to repel
each other, hence SDS increases the emulsion stability against coalescence. However, the excess
of emulsifier is expected to cause an attractive interaction between oil droplets due to depletion
interactions. This effectively should increase the emulsion viscosity over time.

The penetrometry analysis presented in this study was performed with different materials. From
simple Newtonian liquids to more complex but still well defined viscoplastic liquids and to fi-
nalize with an industrially relevant product. The steady state flow curves measured with conven-
tional rheometry will be compared to the drag versus speed curves obtained by the penetrometer.
The drag flow correlations for liquids flowing around a cylinder will aid in the comparison, where
the axis of the cylinder is situated perpendicular to the flow direction. In literature only few drag
flow correlations are available for Power Law and viscoplastic fluid flow around a cylinder. Since
the probe consists of a grid of metal bars the influence of neighboring cylinders must be taken
into account. New drag flow correlations were developed from a numerical study which takes
into account the effect of neighboring cylinders. All non-Newtonian materials described above
are well known for slippage in rheometers. In the numerical study two cases were considered:
one obeying the no-slip condition and the other with full-slip.

4.2 Experimental Section

4.2.1 Material Preparation

Newtonian liquids. 300 ml nano pure water and 700 g sucrose (PFEIFER & LANGEN) were
mixed. The mixture was heated to 60 ○C to produce a supersaturated sucrose solution. However,
the clear liquid in the upper layer was sampled for the measurement. It was then cooled slowly
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to 0(±1)°C. The viscosity of the saturated sugar solution at 0°C was 1.5 Pa s over a shear rate
range from 0.1 s−1 to 100 s−1. Glycerol (≥99.5, Sigma-Aldrich) was measured to have a constant
viscosity of 1.2 Pa s at 20 ○C over the same range of shear rates. The viscosity measurements
were conducted by a stress controlled rheometer (AR 2000ex, TA instruments, Delaware, USA).

Non-Newtonian liquids. 3 g Carbopol (U10, Lubrizol) was dispersed in 1000 ml water by a
Silverson High Shear Mixer (L4RT-A, Silverson Machines, Buckinghamshire, UK) at 800 rpm.
Sodium hydroxide was added to adjust the pH accordingly while the sample was stirred by a
paddle impeller. The solution was then centrifuged at 4000 rpm for 10 minutes to release the air
bubbles. The torque was measured at fixed rotational speeds by a parallel plate rheometer (AR
2000ex) which had sand blasted surfaces and a diameter of 40 mm. The true stress response of
the material was obtained through the Weissenberg-Rabinowitsch correction by relating the shear
stress to the shear rate at the edge of the plate. The gap between the two plates was 1000 µm.
The flow curve was measured three times during the course of one week. The (steady state) flow
curves of all materials were fitted with either a Herschel-Bulkley model or a Power Law model.
The rheological parameters of all fluids were collected in Table 4.1.

The preparation of a Xanthan solution began with mixing respectively 10 g, 20 g and 30 g Xan-
than Gum (CPKELCO) with 2 l water. A paddle mixer was used to homogenize the mixture
with a rotational speed of 200 rpm, at room temperature. The samples were agitated for at least
2 hours before they were sent to a centrifuge operating at 4000 rpm for ten minutes to remove
the air bubbles. The 0.5, 1, and 1.5 wt% Xanthan solutions were then kept at rest for at least 24
hours before measurement, in order to guarantee a high level of hydration. The samples were
stored at 5 °C.

Four types of oil-in-water emulsions were made with various oil and or surfactant concentrations
and processing conditions resulting in various droplet sizes. Sodium Dodecyl Sulphate (SDS,
Sigma-Aldrich) was added to stabilize the emulsions. For the preparation of emulsion A, 3.2 g
SDS (10 mM) was dissolved in 250 ml water at room temperature. 833 ml rapeseed oil was then
poured slowly into the solution while mixing with a Silverson Mixer at 3500 rpm with an emulsor
screen workhead with openings of 1.5 mm. The Sauter mean droplet size was 6.4 µm determined
by static light scattering techniques (Mastersizer 2000, Malvern Instruments Ltd, Worcestershire,
UK). Emulsion B was prepared using the same procedure as emulsion A only the Silverson mixer
speed was maintained at 4500 rpm resulting in an Sauter mean droplet size of 4.9 µm. Emulsion
C was prepared at 3500 rpm but contained 5 wt% less oil. The resulting average droplet size was
4.9 µm. The fourth emulsion D, was prepared according to the recipe of emulsion A only the
concentration of SDS was doubled. The Sauter mean droplet size of emulsion D was 4.5 µm.

Three mayonnaise samples were prepared with the same recipe but only processed in a different
way. To begin with, 47 g NaCl (AkzoNobel), 65 g sugar (Suiker Unie), and 0.375 g EDTA
(AkzoNobel) were dissolved in 615 g water and mixed with 380 g egg yolk (92/8 liquid egg
yolk-salt, Bouwhuis-Enthoven) by a spatula. 3.765 kg sunflower oil was then poured slowly
into the container equipped with a Silverson Mixer running at a rate of 3500 rpm. Finally 125
g vinegar (10% spirit vinegar, Carl Kühne) was added. This mayonnaise will be referred to
as pre-mix for the remainder of the text and had a droplet size of 12.6 µm. Two thirds of the
mayonnaise was further processed with an IKA mixer (MKO module), half of it was treated at
3500 rpm, resulting in an average droplet size of 6.4 µm and will be referred to as Setting 1;
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Table 4.1: The rheological parameters obtained from the flow curves with 95% CI

Material η / Pa s τ0 / Pa K / Pa sn n

Sucrose sol. 1.5 - - -
Glycerol 1.2 - - -
Carbopol - 21 (±3) 14 (±2) 0.38 (±0.04)
0.5% Xanthan - - 2.12 (±0.06) 0.26 (±0.01)
1.0% Xanthan - - 4.5 (±0.4) 0.24 (±0.03)
1.5% Xanthan - 5 (±1) 7 (±2) 0.24 (±0.05)
Emulsion A - 3.3 (±1.3) 6.8 (±0.9) 0.40 (±0.02)
Emulsion B - 4 (±2) 15 (±3) 0.28 (±0.04)
Emulsion C - 3.9 (±0.2) 2.6 (±0.2) 0.46 (±0.02)
Emulsion D - - 10.2 (±0.3) 0.31 (±0.04)
Mayonnaise Premix - 13 (±2) 12 (±1) 0.36 (±0.03)
Mayonnaise Setting 1 - 12 (±5) 23 (±6) 0.31 (±0.05)
Mayonnaise Setting 2 - 21 (±3) 17 (±4) 0.37 (±0.04)

while the other half was processed at 4500 rpm which gave an average droplet size of 4.3 µm and
will be referred to as Setting 2.

4.2.2 Penetrometry Measurements

The penetrometry measurements were conducted with a Texture Analyzer (TA) XT plus (Stable
Micro Systems Ltd. Surrey, UK). The probe comprising of seventy-six squares, is waved up by
metal cylindrical bars with a diameter of 0.8 mm, see Figure 4.1. The probe plunges into the
sample with speeds ranging from 0.1 to 32 mm/s. The maximum distance the probe is able to
reach into the liquid is 40 mm. The resistance recorded by the TA is the sum of the drag force
and the buoyancy. The buoyancy was readily determined and only the drag force was reported.
The sample container size was selected in such a way that it did not influence the measurements.
Relaxation measurements were also carried out by stopping the probe at a depth of 40 mm and
recording the resulting force for about 60 seconds.

All measurements were performed three times. Most of the times the equilibrium value was
obtained. Only the Xanthan solutions did not reach equilibrium during a penetrometry test.
The minimum in the flow curve was found reproducible (3%), see Figure 4.9. The Mayonnaise
samples, on the other hand, did not give reproducible penetrometry curves. A pretreatment of
steady agitating the mayonnaise with a spoon was necessary to obtain good reproducible data.
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D = 0.8 mm

38 mm

16 mm

3 mm

L 0.58 m

Figure 4.1: The grid acting as a probe for penetrometry tests

4.3 Computational Fluid Dynamics

The mass and momentum conservations equations for steady flow of an incompressible fluid
under isothermal conditions read:

∇⋅u = 0 (4.1)
ρu ⋅∇u = −∇P+∇⋅T (4.2)

In which u is the fluid velocity vector, with components vx and vy. Further, ρ is the fluid density,
P the pressure and T is the deviatoric stress tensor, which is given here:

T = 2ηE (4.3)

Where η is generalized viscosity and E is the strain rate tensor defined as

E = 1
2
(∇u+(∇u)T) (4.4)

The viscosity for a shear thinning liquid with a yield stress is given by the Herschel-Bulkley
model:

η = τ0

γ̇
+Kγ̇

n−1
τ > τ0

E = 0 τ < τ0 (4.5)

In here, τ0 is the yield stress; K is the consistency; n is the flow index; and τ is the magnitude of
the stress, which is the square root of the second invariant of the stress tensor. In the rheometer
τ represents the shear stress because no other stress components should be present. During a
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penetrometry test and in a CFD simulation other stress components might be relevant as well.
Equivalent, γ̇ is the square root of the second invariant or magnitude of the strain rate tensor.

τ =
√

1
2

tr(T2) (4.6)

γ̇ =
√

2tr(E2) (4.7)

The liquids which only show shear thinning and no yield stress are modeled by a Power Law
equation. Then, the yield stress in equation 4.5 is set to zero and the Power Law model is
retained.

η =Kγ̇
n−1 (4.8)

The regions which remain unyielded are either rigid (viscoplastic) or elastic (elasto-viscoplastic).
The latter uses a Hooke elasticity, see Piau (2002); Piau and Debiane (2004) and was used by
Tokpavi et al. (2009) for simulating the very slow flow of a yield stress fluid around a cylinder. To
simulate a rigid region regularization methods are often applied in low Reynolds number flows.
(Deglo De Besses et al., 2003; Tokpavi et al., 2008; Nirmalkar et al., 2012). Regularization
methods are continuous and therefore easy to implement. However these regularization meth-
ods introduce extra parameters to induce an exponential stress increase in the unyielded regions
(Burgos et al., 1999). The model of Papanastasiou (1987) was used here and provides a smooth
transition between the yielded and unyielded regions, i.e.

η = τ0

γ̇
[1−exp(−aγ̇)]+Kγ̇

n−1. (4.9)

In which a is the so-called growth rate parameter. It effectively determines the high viscosity
plateau value. Therefore transforming the HB model to a viscosity plateau model with a plateau
at the lower shear rate end. Higher viscosity plateau values have been measured for concentrated
emulsions (see e.g. Pal (1992)) and carbopol solutions (see e.g. Barnes and Nguyen (2001)). It
is questionable whether equation 4.9 describes the flow curve over the entire range of shear rates
accurately, hence the parameter a remains a numerical artifact.

Still Herschel-Bulkley fluids are often characterized by the Oldroyd number, which is the ratio
between the yield stress and the viscous stress.

Od = τ0Dn
H

KUn (4.10)

in which DH is the hydraulic diameter and U the speed of the probe. The diameter of the cylinder
is normally used for the hydraulic diameter. In this study all liquids from Table 4.1 are described
by three different models, i.e. Newtonian constant viscosity, Power Law and Herschel-Bulkley.
Therefore three types of drag coefficients will be considered. The standard drag coefficient is
given here, in which the drag force is scaled by the dynamic pressure:

CD = F
A 1

2 ρU2
(4.11)
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vx = 0, vy = U

D

Periodic boundaries

Pressure outlet

Cylinder wall

x
y

Figure 4.2: Computational domain (left) and grid definition for vertical flow around a horizontal cylinder
(right)

In here F is the drag force, A is the frontal surface area and ρ is the density of the fluid. The
frontal area was simply the total length of all bars multiplied by the diameter of a single bar (see
Figure 4.1). The viscous drag coefficient is the drag force scaled by the viscous stress:

C′

D = F

AK (U
D)n (4.12)

For liquids which show yielding the drag force is scaled by the yield stress resulting in a plastic
drag coefficient

C′′

D = C′

D

Od
= F

Aτ0
(4.13)

A first approximation of the probe from the Texture Analyzer was a cylinder, see Figure 4.2.
The presence of neighboring bars was accounted for by enforcing periodic boundary conditions.
Equations 4.1 to 4.9 were solved with ANSYS Fluent (version 14.0) using Cartesian coordinates.
The mesh structure is given as well in Figure 4.2. The distance between the nodes on the cylinder
surface was 0.013D. In comparison, the work of Bharti et al. (2006) reported convergence for
meshes which had a node distance of 0.016D. In the numerical simulation the frame of reference
has been transferred to the cylinder. Then the fluid enters the domain at the set velocity, U . The
outlet boundary condition has a pressure outlet set at 0 gauge.

The wall of the cylinder, however, may experience slip. It has been mentioned in numerous
publications that viscoplastic materials slip at smooth walls (see e.g. Magnin and Piau (1990);
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Piau (2007); Tokpavi et al. (2009)). Especially for multiphase fluids such as emulsions where the
continuous phase is in direct contact with the wall. Under these circumstances a slip layer may
be present, see e.g. the discussion of Barnes (1995). Because of the possibility of a slip layer the
actual slip velocity at the walls of the cylinder will never be known. Therefore only two options
remain; to simulate without slip and with full slip. In absence of wall slip the total drag force has
two contributions a viscous and a pressure contribution. When simulated with full slip only the
pressure contribution remains since all velocity gradients at the wall are set to zero.

4.4 Results and discussion

4.4.1 Rheological behavior of the materials

The sucrose solution and glycerol showed Newtonian behavior in the parallel plate rheometer.
In the range of shear rates between 0.1 and 100 s−1 a constant viscosity was measured with
1% repeatability error (standard deviation). The rheological behavior of the emulsions and the
carbopol solution are shown in Figure 4.3. These flow curves were measured twice: one up-
curve from low shear rates to high shear rates and one down-curve from high shear rates to
low shear rates. In a time frame of 5 minutes the shear stress measurements showed very good
reproducibility. The fit results of the flow curves are collected in Table 4.1. It appeared that
emulsion D did not show a clear yield stress. Because a negative yield stress was found upon
fitting the flow curve, the yield stress was set to zero.

The Xanthan gum in water solutions showed time dependent flow behavior in the rheometer.
When a constant shear rate was applied the stress response changed over the course of one
minute, see Figure 4.4. For the lower shear rates applied (<1.6 s−1) the material builds up stress
in the beginning and later on releases the stress. An equilibrium situation was assumed after
one minute. Then the flow curves were constructed from the equilibrium values, see Figure 4.6.
Likewise the rheology of the mayonnaises showed time dependence. Figure 4.5 shows the stress
response at several constant shear rates for the mayonnaise pre-mix. After approximately two
minutes a steady state was assumed and the flow curves were plotted from the steady shear state
stresses in Figure 4.6. All time sweep measurements were performed three times and the average
values were plotted along with the standard deviation.

4.4.2 Penetrometry results

Penetration curves

The penetrometer measures the resistance force against motion of the probe in time. The pen-
etrometry curve of the sucrose solution is displayed in Figure 4.7 and will be explained here: at
around two seconds the probe started to enter the fluids’ surface and the resisting force increased.
At approximately four seconds a maximum was reached (4.7-a) followed by a steep decline, see
Figure 4.7-b. This decline in force was attributed to the liquid flowing over the grid from the
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Figure 4.3: The up- (open symbols) and down- (filled symbols) flow curves of the carbopol solution (◻,
∎), emulsion A (△, ▲), emulsion B (○, ●), emulsion C (H, I) and emulsion D (◊, ⧫). The solid lines are
least squares fits of the Herschel-Bulkley model (eq. 4.5)
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Figure 4.4: Stress response of the 1.0 wt% Xanthan gum solution is displayed for four applied constant
shear rates: from top to bottom respectively 12.8, 1.6, 0.4 and 0.1 s−1. Data reported are the average of
three measurements, the error bars represent two times the standard deviation.
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Figure 4.5: The stress response of the mayonnaise pre-mix in time at constant shear rates
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Figure 4.6: The flow curves of the mayonnaises (white symbols) and the Xanthan gum solutions (black
symbols). The error bars represent two times the standard deviation and the solid lines are the fitted HB and
PL models
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Figure 4.7: Resistance force against motion of the TA probe during a penetrometry experiment of the
saturated sucrose solution at a constant speed of 2 mm s−1

sides and adding extra weight on top of the probe. The force equilibrated when the probe was
below the liquid surface (4.7-c) and finally the probe stopped at 40 mm depth (4.7-d). A different
penetration curve was observed for the emulsion samples. Figure 4.8a shows the resistance of
emulsion A during a penetrometry test as a function of time. At the point the probe made contact
with the fluids’ surface the probe felt a small pull, resulting in a force in the direction of motion.
This was followed by a steep increase of resistance due to the probe penetrating the fluid. No
decrease in force was observed after penetrating the surface. The emulsion moved between the
gaps of the grid instead of running over it like with the sucrose solution. The resisting force
stabilized after the probe advanced through the emulsion; only a slight increase was monitored
which could be explained by the vertical shaft. This typical penetrometry curve was obtained
for all the other emulsions, the mayonnaises, glycerol and carbopol. However, emulsion D was
seen to build up structure over time, see Figure 4.8b. Significant structure increase was observed
after five resting days. The structure build-up was attributed to depletion interactions invoked by
increasing the concentration of SDS to two times the critical micelle concentration. This phe-
nomenon was also observed for the mayonnaise samples; the equilibrium resistance doubled in
48 hours. The Xanthan gum solutions showed a different result in the penetrometer, see Fig-
ure 4.9. The resistance against motion of the TA probe did not reach a steady state. During the
penetrometry test the resistance appeared to increase. This structure growth was also observed in
the rheometer (see Figure 4.4). However in the rheometer at larger shear rates the Xanthan gum
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Figure 4.8: Penetration curves at a constant speed of 1 mm s−1, monitoring the resistance versus time for
emulsion A (a) and for emulsion D (b). Resting times of emulsion D were 5 min (—), 20 min (- - -), 15
hours (– –) and 5 days (— -)

solution was thixotropic, meaning the shear stress decreased over time at a constant shear rate.
The penetrometer showed the opposite trend, i.e. at higher probe velocities the structure appears
to build-up.

Flow curves from the Penetrometer

From the penetrometry curves a force versus velocity graph can be constructed. The equilibrium
drag force was reported and plotted against the probe velocity in Figure 4.10 of the emulsions
and the carbopol solution. The equilibrium forces were the averages of three measurements and
the standard deviation was less than 2 % for the emulsions and carbopol. The data were fitted
with a Herschel Bulkey type formula, see equation 4.14:

FD = F0+K1Um (4.14)

in which FD is the equilibrium drag force, U is the probe velocity and F0, K1 and m are fit
parameters. The penetrometer ’flow curves’ of all fluids were fitted with equation 4.14, except
for the Newtonian liquids. The results are listed in Table 4.2. The penetrometry flow curves of
the Xanthan gum solutions were obtained from the lowest point in the fully submerged region.
The experimental reproducibility of that point was within 3%.

The fit parameters from the penetrometry flow curves can now be compared with the Herschel
Bulkley model parameter obtained with standard rheometry, see Figure 4.11 for the parity plots.
It was already shown that the flow indices obtained from a plate penetrometer correlate excellent
with conventional rheometry, see Boujlel and Coussot (2012). If a flow index is desired from
penetrometer using a grid probe the average error is about 15%.

83



Chapter 4. Penetrometry Analysis of Structured Liquids

0 5 10 15 20 25 30 35 40

0

0.05

0.1

0.15

0.2

0.25

U = 1 mm s
−1

U = 4 mm s
−1

U = 16 mm s
−1

depth / mm

F
o

rc
e
 /

 N

Figure 4.9: Penetrometry curves of the 1.0 wt% Xanthan gum solution at constant probe velocities of 1, 4
and 16 mm s−1

The parameter F0 is the yield parameter in equation 4.14, only it has the dimensions of a force.
Contrary to the plate penetrometer described in Boujlel and Coussot (2012) it cannot be converted
to the shear stress on the probes’ surface because of the complex geometry. The results collected
in Figures 4.11a and 4.11b demonstrate that there is more or less a linear relation ship between
τ0 and F0: F0 = κ τ0, with κ = 5.2⋅10−3 m2. Then the average error when attempting to determine
the yield stress from penetrometry tests is 17 %.

The relaxation test to determine the yield point

The relaxation test developed by Boujlel and Coussot (2012) was accurate in determining the
yield stress for a range of carbopol solutions. The plate was stopped after it was fully submerged
and the resulting stresses were measured. The relaxation stress was observed to be independent
from the plate velocity before the plate stopped. Here the same relaxation procedure was at-
tempted albeit with an irregular shaped probe. The relaxation forces were scaled with the slope
parameter obtained from Figure 4.11a.

τF = Frel/κ (4.15)

in which Frel is the relaxation force and τF the estimated yield stress of the material by a re-
laxation test. The measured relaxation force did not appear to be a function of the penetration
speed, see Figure 4.12. All yield stresses obtained with the relaxation test were within 50% of
the standard yield stress obtained the parallel plate rheometer, except for emulsions A and B. The
yield stress of the carbopol solution showed perfect agreement with the standard yield stress with
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Figure 4.10: The flow curves obtained with the
Penetrometer for carbopol (∎) and emulsions A
(▲), B (●), C (★) and D (⧫). The solid lines are
eq. 4.14 fitted to the data

Table 4.2: The fit parameters of equation 4.14 with 95% CI

Material F0 / N K1 / N (s/mm)m m

Carbopol 0.11 (±0.02) 0.060 (±0.003) 0.39 (±0.08)
0.5% Xanthan - 0.015 (±0.001) 0.27 (±0.02)
1.0% Xanthan - 0.043 (±0.001) 0.26 (±0.01)
1.5% Xanthan 0.03 (±0.01) 0.05 (±0.01) 0.33 (±0.04)
Emulsion A 0.05 (±0.01) 0.03 (±0.01) 0.42 (±0.1)
Emulsion B 0.05 (±0.01) 0.06 (±0.01) 0.29 (±0.04)
Emulsion C 0.014 (±0.009) 0.02 (±0.01) 0.3 (±0.1)
Emulsion D - 0.0322 (±0.0006) 0.225 (±0.007)
Mayonnaise Premix 0.03 (±0.02) 0.06 (±0.02) 0.31 (±0.08)
Mayonnaise Setting 1 - 0.19 (±0.02) 0.22 (±0.02)
Mayonnaise Setting 2 0.12 (±0.02) 0.11 (±0.02) 0.34 (±0.04)
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Figure 4.11: Parity plots with 95 % confidence intervals

an average deviation of 3%, which is of the same order of magnitude as in Boujlel and Coussot
(2012).

Using the drag flow analysis to determine the rheological material properties

The penetrometry test results of the Newtonian fluids are displayed as dimensionless variables in
Figure 4.13, along with the results of a CFD simulation of Stokes flow around an infinite cylinder
with neighboring cylinders. Also displayed is the equation from Batchelor for a single cylinder
in Stokes flow. The least squares fit follows the power law relationship

yCD = 4.325Re−1.056 R2 = 0.9991 (4.16)

The Reynolds number is defined as:

Re = ρUD
η

(4.17)

The single infinite cylinder approximation appears to describe the data better than the CFD simu-
lated line of Stokes flow around infinite neighboring cylinders. The neighboring bars simulation
is one step closer to reality than a single bar but other geometrical features appear to be more
dominant. These could be a combination of crossing bars, slightly tilted bars and or end-effects.

The drag coefficient of the power law fluids, Xanthan solutions of 0.5 and 1.0 wt% and Emulsion
D does not appear to be a strong function of the Reynolds number, see Figure 4.14. The theoret-
ical model of Tanner (1993) predicted that the drag coefficient was a function of the flow index
only for flow around an infinite horizontal cylinder. The experimental data from the penetrom-
etry tests on the power law liquids were compared to the calculated results with the model of
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Figure 4.12: The relaxation stresses as a function of the probe velocity scaled by the yield stress of:
carbopol (◾), emulsion A (▲), emulsion B (●), emulsion C (★), emulsion D (⧫), 1.5% xanthan (×), pre-mix
mayo (+), mayo S1 (/) and mayo S2 (∗)
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Figure 4.13: The drag coefficient defined in eq. 4.11 as a function of the Reynolds number. The data points
are from the penetrometry tests of the sucrose solution (⧫) and glycerol (△). Lines: a least squares fit of
the data (⋅ ⋅ ⋅); a CFD simulation of flow around an infinite cylinder with neighboring cylinders (—); and an
empirical equation from Fay (1994) (– –)
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Figure 4.14: The drag coefficient defined in eq. 4.12 as a function of the Reynolds number for the three
power law liquids, averages of three measurements. The error bars represent two times the standard devia-
tion of the average

Tanner (1993), see Figure 4.15. The model of Tanner overestimates the consistency parameter,
K by roughly a factor of three using the single cylinder approximation.

The penetrometry data of the Herschel-Bulkley fluids defined in Table 4.1 are displayed in Fig-
ure 4.16. The drag coefficients C′′

D (see equation 4.13) as well as the C′′

D values from the numerical
simulations were fitted to equation 4.18, which is the scaled equivalent of equation 4.14:

C′′

D = α + β

Od
. (4.18)

In equation 4.18 α and β are empirical constants. The CFD simulation was performed with liq-
uids having the parameters listed in Table 4.1. All CFD simulated drag coefficients superimposed
onto a single line and the data was fitted with equation 4.18. The result was R2 = 1.00. α and
β appeared, however, not to be a function of the flow index (n). The actual data was also fitted
with equation 4.18 and the results was R2 = 0.83.

Two empirical curves were constructed with CFD; one for the no-slip boundary condition and
the other for the full slip condition, see Figure 4.16. The neighboring cylinders correlations for
full-slip and no-slip as well as the empirical correlation reported by Tokpavi et al. (2009) all
go through the cloud of data points. At high Od numbers the single- and neighboring cylinder
correlations start to superimpose. This situation corresponds to low probe velocities and then the
effect of a neighboring cylinder becomes less obvious. On the contrary at low Od numbers the
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Figure 4.15: The average drag coefficient as a function of the flow index for the three power law liquids
(symbols represent the same samples as in Figure 4.14) compared to the model of Tanner (1993) (—)

effect of neighbors becomes more pronounced and the neighboring cylinder correlations describe
the data better.

The true Herschel-Bulkley parameters can be estimated by:

F0 = αAτ0 (4.19)
K1 = βAKD−m (4.20)

The accuracy of the yield stress computed from equation 4.19 was 60 % and the accuracy of con-
sistency was 25%, based on the root-mean-squared-error. These relatively large errors are due to
the fact that not all the scaled penetration flow curves of the different materials superimpose, see
Figure 4.16. The CFD simulations for the different liquids, however, show superimposed scaled
penetration flow curves. To the best of the authors’ knowledge no experimental data has been
reported of penetrometry tests with a cylinder in various viscoplastic materials to check whether
or not the scaled drag forces indeed superimpose. There are several possible explanations. First,
the 2-dimensional simulation does not represent the data well, and geometrical effects could lead
to disarrangement. Second, the fluids exhibit each different degrees of slip at the metal surface
of the grid. Most of the fluids indeed fall in between the full-slip and no-slip correlations on the
dimensionless Figure 4.16. And third the Herschel-Bulkley model may fail for some liquids, es-
pecially for the fluids which have longer relaxation times such as the Xanthan gum solution and
the mayonnaises. Moreover, extensional and compressional stresses are assumed to be relevant
in the penetrometry tests and are not included in the HB-model.

4.5 Summary and conclusions

In this study the penetrometry analysis was presented for several structured liquids. The probe at-
tached to the penetrometer was a grid consisting of woven metal cylinders. The irregular shaped
probe made it impossible to calculate the stresses from the drag force exactly. An empirical
parameter with the dimension square meter made it possible to estimate the yield stresses of
several materials. The flow index obtained by the penetrometer corresponded well with the flow
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Figure 4.16: The drag coefficient defined in eq. 4.13 as a function of the Oldroyd number, for Carbopol
(+), Xanthan (×), emulsions A-C (○) and mayonnaises (⧫) . The lines are: no slip CFD simulation (—); full
slip CFD simulation (– –); and the model from Tokpavi et al. (2009) (- - -)

index obtained in conventional rheometry. In the drag flow analysis the drag force was made
dimensionless (see equations 4.11, 4.12 and 4.13) and was correlated with other dimensionless
variables such as the Reynolds number and the Oldroyd number. A CFD simulation provided a
correlation to estimate the Herschel-Bulkley parameters from a superimposed curve. However,
the experimental data did not align as good as the CFD simulation (R2 = 0.83 versus R2 = 1.00,
respectively). In general, the analysis presented showed that it is indeed possible to obtain more
rheological information out of a penetrometer with a complex probe for Newtonian and non-
Newtonian liquids. In industrial settings most often only these types of penetrometers are avail-
able. With a few additional measurements it is shown that a penetrometer can indeed be used as
a poor man’s rheometer.

Nomenclature

Abbreviations

HB Herschel Bulkley
PL Power Law

Latin Symbols

A Frontal surface area m2

a Papanastasious’ growth rate parameter s
CD Drag coefficient
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D Diameter m
E Strain rate tensor s−1

F Force N
F0 Yield force N
K Consistency Pa sn

K1 Fit parameter N (s/mm)m

m Fit parameter
n Flow index
Od Oldroyd number
P Pressure Pa
T Stress tensor Pa
U Velocity mm s−1

u Velocity vector m s−1

Greek Symbols

α Fit parameter
β Fit parameter
γ̇ Strain rate magnitude s−1

η Viscosity Pa s
κ Empirical parameter m2

τ Stress Pa
τ0 Yield stress Pa
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5 Statistical Modeling of Sensory Scores
for Mayonnaise

Abstract In the search for robust models to estimate sensory scores of emulsified products from
physical and chemical properties, a model selection procedure will be presented in this chapter.
The modeling was deemed purely statistical since no physical meaning could be ascribed to the
model parameters. From a range of statistical models a model was selected which delivered
the best estimate for a cross validation data set. An artificial neural network with two neurons
in the hidden layer was selected. The model was compared to panel scores from an externally
published source and it was able to reproduce the observed trends for three of the four sensory
attributes.

5.1 Introduction

It has been a long term goal of many fast-moving consumer goods companies to optimize the
sensory profile of their products. Fast-moving consumer goods (FMCG) are products which are
frequently purchased, consumed on a daily basis, have a low cost-price and are sold in large
quantities; for example, foods, drinks, detergents and cosmetics. The sensory perception of
these types of products determines why a consumer favors one product over another. During
panel tasting sessions products are rated on sensory attributes such as mouth feel, taste, odor
and appearance, which together form the sensory profile of a product. It is generally assumed
that a change in physical or chemical product properties should result in a different sensory
response (Malone et al., 2003a,b). In other words; the sensory attributes are a function of the
physicochemical product properties. Many studies in the past have been focusing on relating
the sensory attributes to physicochemical product properties (see e.g. Maruyama et al. (2007),
Terpstra et al. (2009) and van Aken et al. (2011)). A methodology, previously published, was
aiming to influence consumer preference and choice based on sensorial and physical product
attributes (Van den Oever, 2003; Van Den Oever, 2006). Other work considered the processing
and formulation variables for ice cream production and correlated these variables to sensory
attributes (Bongers, 2008).

It is the aim in this research to control the sensory attributes by making the correct decisions for
process design and operation and product formulation. Instead of making the jump from prod-
uct formulation/processing directly to sensory attributes (as in the ice cream example) a more
generic approach was proposed. In this approach mechanistic modeling tools are used to pre-
dict the physicochemical product properties which in turn influence the sensory attributes (see
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Figure 1.1). Currently, scientific research is building knowledge on the behavior of emulsions in
the mouth and how this relates to the sensory perception of the products. For example, recent
work (Camacho et al., 2015) investigated the deposition of an oil layer on the tongue of human
subjects after intake of an oil-in-water emulsion. Nonetheless a correlation was found between
the oil concentration and the after-feel attributes. Other work (Camacho et al., 2014) considered
as well the behavior of o/w emulsions on the tongue. The effect of flocculation of the oil droplets
under in-mouth conditions was related to oil clearance from the tongue which affected the after
feel sensory perception of the emulsified products. Unfortunately, the fundamental understanding
of the physiology of emulsified products in the mouth and during swallowing is limited. More-
over, actual sensory perception cannot be explained fundamentally from chemical and physical
in-mouth product behavior. For this reason a statistical correlation cannot be avoided. It is the
aim of this chapter to find a simple but accurate statistical tool which generalizes the observed
trends.

In this chapter a model was selected from a range of models including: linear models, poly-
nomials and artificial neural networks (ANN). Multiple input multiple output neural networks
can contain a lower number of fit-parameters than their linear counterpart, depending, of course,
on network size (i.e. the number of neurons and/or layers) and the number of output variables.
Therefore a neural network is expected to generalize better. To test this hypothesis a dataset was
made available containing the full characterization of 162 different types of mayonnaise. The
mayonnaises were assessed on 27 sensory attributes and 16 physical and chemical properties,
see section 5.2, for more details. Model validation was performed by partitioning the data set
according to the k-fold cross validation procedure. The model which generated the smallest aver-
age error on k validation subsets was selected. Finally, the selected model was tested with panel
data from another published source.

In addition, a sensitivity analysis was performed to establish the variables which have the most
impact on the predicted panel scores. The ultimate goal is here to know how to influence a partic-
ular sensory attribute of a mayonnaise recipe. Could that be by changing the processing settings,
e.g. mixer speed or flow rate; or could that be by making minor changes in the mayonnaise for-
mulation? This will be explored in Chapter 6. With a sensitivity analysis the input variables could
be ranked in order of importance and even non-influential variables could be fixed to a constant
value. Two types of sensitivity analysis will be performed; a local and a global sensitivity anal-
ysis. The sensitivity measures in a local sensitivity analysis are based on partial derivatives. The
partial derivatives are easily computed from the range of selected models. The global sensitivity
measure considers the complete input space and is based on partial variances. Both sensitivity
measures will be compared.

5.2 Product characterization

A dataset was made available for this research containing the characterization of 162 mayon-
naises. A lot of detailed product recipe information was not disclosed however the next sub-
section presents the general mayonnaise formulation. The mayonnaises were chemically and
physically characterized see 5.2.2 for details. And the mayonnaises were assessed by a panel,
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see subsection 5.2.3.

5.2.1 Mayonnaise formulation

The mayonnaises characterized in the dataset have each their own recipe with ingredients coming
from various sources. The main ingredients are outlined here:

• The oil phase fraction changes between 2 and 85 % by weight and the oil type is a vegetable
oil which can be soybean oil, sunflower oil, rapeseed oil, etc.

• Egg yolk is added for taste and to stabilize the dispersed oil droplets. The supplied Egg
yolk is always pasteurized and often Sodium Chloride is added (∼8 wt%). The quality and
functionality of egg yolk changes per batch and storage time.

• Acidity can come from various types of vinegar or lemon juice (or lemon juice concen-
trate).

• Other Important ingredients which deliver the characteristic taste of mayonnaise are mus-
tard, salt and sugar.

• Then there are ingredients which generate structure (starches, fibers or gums), colorants
and additional flavors possible.

• Finally, EDTA is often added to minimize the oxidation of oil.

5.2.2 Physical and chemical characterization

A very limited amount of information was present about the formulation of all mayonnaises
presented in the dataset. Nonetheless, the oil fraction, pH, oil droplet size, and yellowness index
were measured. Moreover, there were four chemical flavor components monitored with mass
spectrometry in the head space. The head space is the volume above the mayonnaise in a closed
container. The four chemical flavor components are the aromas released by the mayonnaise.
There were 8 different rheological variables measured, see Table 5.1. The Stevens value comes
from a penetrometer, which measures the force needed to push an object through the mayonnaise
samples at constant speed, see Chapter 4. In Table 5.1 all model input variables are given, where
AC stands for Acetic Acid and AITC (allyl isothiocyanate) is a component found in mustard and
is held responsible for the pungent taste (Dai and Lim, 2014).

5.2.3 Sensory assessment

An in-house (Unilever) sensory assessment procedure was applied for the rating of the attributes
by the panel members. The panel members were screened before participating in the assess-
ment. Then the panel members were trained accordingly; and all sensory attributes had reference
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scores. There were in total 27 sensory attributes defined which were subdivided into four cat-
egories: Mouth feel, Taste, Appearance and Odor, see Table 5.2 for a short description of the
attributes.

5.3 Model selection

In this research six different statistical models were evaluated and all models were multiple input
multiple output models. The physicochemical properties are the input variables of the model.
The scores on the sensory attributes are the model responses. Because the sensory attributes
are categorized, they have different physicochemical properties explaining their variation. For
example, the rheological parameters cannot influence the appearance and odor attributes. The
first model was a linear model which is given here:

ŷ = [1 X]β (5.1)

In which ŷ is a (n×m) matrix with the predicted panel scores (containing n data points) for a
sensory category (with m attributes), X is a matrix containing all measured physicochemical vari-
ables and β is a matrix with fit-parameters. Also a second order polynomial was used to account
for the curved relationships between physicochemical and sensory variables. The polynomial is
given here:

ŷ = [1 X X2]β (5.2)

In equation 5.2 the elements of matrix X are squared, which is the added quadratic contribution.
Then Artificial Neural Network (ANN) models were constructed with a varying number of neu-
rons in the hidden layer of the network, see Figure 5.1. Figure 5.1 depicts a possible artificial
neural network with 6 input variables and 4 target output variables. In this case there are two
neurons in the hidden layer.

The number of neurons and the mathematical operation inside the neuron determine the total
number of fit-parameters. The size of the output layer is fixed by the number of response vari-
ables. In both layers a mathematical operation is required to produce a neuron output. These

Table 5.1: All physical and chemical variables describing mayonnaise

Ingredients and flavor chemicals Rheological variables Other

Fat level Stevens D3,2
pH Critical strain Yellowness index
H2S mass Critical modulus
AC mass Yield stress
CS2 mass tan delta
AITC mass Viscosity

Storage modulus
Shear thinning index
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Table 5.2: Attribute list of the sensory evaluation of mayonnaise

Category Number Attribute Description

Taste 1 Intensity Intensity of the total taste
2 Sweet Degree of sweet taste
3 Sour Degree of sour taste
4 Salt Degree of salty taste
5 Mustard Degree of mustard taste
6 Egg Degree of egg taste
7 Old oil Taste old oil or mayonnaise from the rim of the lit
8 Other Degree of other tastes
9 Bitter Degree of bitter after taste

10 Creamy Degree of creaminess like whipped cream

Mouth feel 11 Thickness Degree of thick feeling
12 Sticky Degree of stickiness
13 Velvet Degree of softness and creaminess like calve full fat

mayonnaise
14 Velvet-B As velvet only on bread
15 Solvable Degree of solvability or dissappearance from the

mouth
16 Fatty Degree of fatty feeling
17 Prickling Degree of prickling on the tongue
18 Homogeneous Degree of mixing with bread in the mouth
19 Astringent Degree of astringency from the mouth

Appearance 20 Glossy Degree of glossiness
21 Color Color from light to dark
22 Absorbing Degree of absorption in bread
23 Spread ability Degree of spread ability on bread

Odor 24 Intensity Intensity of all odors together
25 Sulphur Degree of sulphur odor
26 Vinegar Degree of vinegar odor
27 Other Degree of other odors

Figure 5.1: A multi layer artificial neural network
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Table 5.3: The number of free parameters in each regression model

Linear Pol(2) ANN1 ANN2 ANN4 ANN8

Mouth feel 153 297 35 61 113 217
Taste 170 330 37 64 118 226
Appearance 36 68 16 28 52 100
Odor 36 68 16 28 52 100

operations are so-called transfer functions. Generally, when ANN’s are used for non-linear re-
gression a hyperbolic tangent sigmoid transfer function is used in the hidden layer and a linear
transfer function in the output layer. These standard functions will be used in this work; only the
size of the network will vary. The function in the output layer is given as:

ŷ j =
N

∑
k=1

a jknk,out +b j (5.3)

in which ŷ j is an estimate for the score on attribute j, a and b are the fit parameters of the output
layer, nk,out is the output of neuron k, and N is the number of neurons in the hidden layer. The
neuron output was a hyperbolic tangent sigmoid function, which produces a value between minus
one and one; see

nk,out =
2

1+exp(−2(∑M
i=1 wikXi+ck))

−1, (5.4)

where Xi is the network input variable (a physical or chemical product property from Table 5.1),
M is the number of inputs, and wik and ck are free parameters in the hidden layer. In this work,
four neural network models will be considered. The tested network models have each 1, 2, 4, or
8 neurons in the hidden layer. Larger networks were found ineffective. This could be explained
by a phenomenon called over-fitting. In the larger networks there are so many free parameters
that the model fits the noise in the data as well and fails to describe the cross validation data set.
However, because of the interconnections the ’smaller’ neural network model can be even more
economic with the number of free parameters than multivariate linear regression. For the four
categories of sensory attributes the number of free parameters needed for each model is given in
Table 5.3.

5.3.1 Cross-validation

The models introduced in the previous section can be compared by using cross-validation. In
cross-validation the data set is partitioned into two complementary subsets. The subset used for
model building is the so-called training set. Then the predictive accuracy of the models is tested
with the held out subset (also referred to as the validation set). The partitioning of the original
data set has an influence on the results, e.g. a single split might result into a misleading error
prediction. Therefore, a k-fold cross validation procedure was applied. The dataset was split
into k-subsets for k validation rounds. The regression was performed k times on k−1 subsets,
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which resulted in an average regression error. The error of k validation tests was averaged and
compared. A partitioning with k = 10 resulted in subsets of 16 mayonnaise samples. Another
advantage of the k-fold cross validation is that all data points are at least once in the regression
subset and once in the held-out subset.

5.4 Sensitivity analysis

A sensitivity or uncertainty analysis studies the effect on the model prediction by introducing
small deviations in the model parameters or variables. In this particular problem the focus is
on the variation in the model input variables not on the model parameters, because they have no
physical meaning. The model inputs are the chemical and physical variables defined in Table 5.1.
Since they are measured they have an uncertainty domain. This uncertainty could be the result
of many factors such as the accuracy of the measurement tools or human errors. Understanding
the influence of the variation in the inputs on the model predictions helps as well to assess the
model quality and to determine which variables have the most impact on the model output.

The model sensitivity is obtained by invoking small perturbations on the model inputs. When
this is done at a single point in the input space this is called a local sensitivity analysis. A global
sensitivity analysis considers the model sensitivity at each point in a multidimensional variable
space. First the local sensitivities will be treated in the following section; later on, the results of
a global sensitivity analysis will be presented.

5.4.1 Local sensitivities

In a local sensitivity analysis the effect of the model output to small perturbations is calculated
at a representative point in the multidimensional input space. The deviation of the model output
variable ŷ j is expressed by Taylor’s theorem as follows:

ŷ j (X[0]+∆X) = ŷ j (X[0])+
M

∑
i=1

∂ ŷ j

∂Xi
∣
X[0]

∆Xi (5.5)

The partial derivatives in equation 5.5 are termed sensitivity coefficients and provide direct in-
formation about the influence of a perturbation of a variable on the model output around point
X[0]. The restriction is that only small perturbations are allowed because higher order terms are
left out in equation 5.5. To compare the sensitivity coefficients from one input variable to the
other, the partial derivatives need to be normalized. A standard measure for sensitivity analysis
is the sigma normalized derivative:

Sσ
i j =

σX

σy

∂ ŷ j

∂Xi
(5.6)

In which σX and σy are the standard deviations of the input variables and the model predictions,
respectively. A consequence of equation 5.6 is that it sums up to one for each output variable ŷ j.
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To study the influence of a single input variable on the total sensory space a different summation
has to be made:

Sσ
i,tot =

m

∑
j=1

σXi

σy j

∣ ∂ ŷ j

∂Xi
∣ (5.7)

in which m is the number of sensory attributes.

5.4.2 Global sensitivities

A local sensitivity analysis is sufficient when the model is linear. For a non-linear model, as is
the case with artificial neural networks, a global approach is preferred. A global sensitivity test
measures the model sensitivity over the complete multidimensional input space. The technique
also considers the effect of simultaneous variation of the input variables and produces an average
sensitivity over the entire region of variation. Global sensitivity analysis produces an essentially
different measure of sensitivity than the sensitivity coefficients from the local sensitivity analy-
sis. A commonly used measure for global sensitivity analysis is the normalized variance of the
conditional expectation E(y j ∣Xi) for all possible values of Xi (see Cukier et al. (1970, 1975);
McRae et al. (1982); Cannavó (2012))

SG
i j =

var(E(ŷ j ∣Xi))
var(ŷ j)

(5.8)

A method widely applied to compute the sensitivity indices is the Fourier Amplitude Sensitivity
Test (FAST). For a more extensive discussion on FAST see e.g. McRae et al. (1982) or Saltelli
et al. (1999). Cannavó (2012) implemented a FAST-method algorithm in MATLAB which was
used in this research to calculate the global sensitivity indices. Equation 5.8 has to be summed
over all attributes to quantify the influence of a single model input on all (m) sensory attributes.

SG
i,tot =

m

∑
j=1

var(E(y j ∣Xi))
var(y j)

(5.9)

5.5 Results and discussion

5.5.1 Data regression

The parameters in the linear model and second order polynomial were found by ordinary least
squares. The network parameters were optimized with a Levenberg-Marquardt algorithm with
supervised learning. The Neural Network Toolbox of MATLAB was used for the regression of
the neural network models. The Mean Squared Error (MSE) is displayed in Figure 5.2 for the
taste and odor attributes. It is clear from Figure 5.2 that the models were unable to correlate the
physicochemical properties to the taste attribute ’Other’ and the odor attribute ’Other’. The at-
tributes Other for odor and taste correspond to the degree of all other odors and tastes the panelist
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Table 5.4: Averaged errors (%) of the six model predictions per category of sensory attributes

Linear Pol(2) ANN1 ANN2 ANN4 ANN8

Mouth feel 8 6 12 9 8 8
Taste 21 19 28 25 24 23
Appearance 9 7 14 11 10 9
Odor 17 12 25 22 21 17

Table 5.5: Prediction errors (%) of various models averaged over m attributes and k validation subsets,
leaving out the prediction of the taste attribute ’Other’ and the odor attributes ’Other’ and ’Sulphur’

Linear Pol(2) ANN1 ANN2 ANN4 ANN8

Mouth feel 17 17 12 10 10 11
Taste 47 54 29 26 27 30
Appearance 31 33 15 12 13 13
Odor 45 67 33 27 32 34

is able to identify. The attribute Other may not be well defined for the panelist to make discrimi-
nation between the mayonnaise samples. The odor attribute ’Sulphur’ did also not correlate with
the physicochemical properties. The three attributes Sulphur odor, Other odor and taste, were
left out of the analysis for model comparison. Surprisingly enough a reasonable correlation was
obtained between the taste attributes ’Sweet’, ’Salt’, ’Mustard’ and ’Egginess’ and all physico-
chemical properties (see Figure 5.2) while the exact amounts of flavors was not part of the input
variables.

The regression errors of the training subsets were averaged over k subsets and all sensory at-
tributes per category, see Table 5.4. This is the mean deviation of the panel scores from the target
scores. The main trend is that increasing the number of free parameters will decrease the average
error of the model.

5.5.2 Cross validation

The model selection was based on the model which could describe the cross validation dataset
best, see Figure 5.3. The mean squared error is averaged over k validation subsets and all sensory
attributes of the mouth feel model. The Artifical Neural Network with two neurons (ANN2)
corresponds to the minimum in Figure 5.3. The averaged errors of the predictions of all attributes
of the validation test are listed in Table 5.5. It appears that the predictions of Mouth feel attributes
are significantly better than the other attributes. The regression of the training subset showed a
reasonable correlation for the taste attributes ’Sweet’, ’Salt’, ’Mustard’ and ’Egginess’ but the
models were unable to predict these tastes in the validation subsets. This could be explained by
the fact that a lot of information about the mayonnaise recipes was not disclosed.

The regression results demonstrated that the model with the most parameters produced the small-
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Figure 5.2: The Mean Squared
Error (MSE) of the prediction of
the taste and odor attributes on the
training set, by linear regression
(⋅ ⋅ ⋅), 2nd order polynomial (—)
and an Artificial Neural Network
with 8 neurons (– –)
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Figure 5.3: The Mean Squared Error (MSE) versus the number of free parameters of all models on the
training dataset (○) and on the cross validation dataset (●) for the Mouth feel attributes

est error, see Figure 5.3. However, on the validation test the larger models produced the largest
errors in the predictions of the panel scores, which was already anticipated. The best model for
this application appeared to be the artificial neural network with two neurons (ANN2). The ar-
tificial neural network was able to quantify the sensory panel scores for Mouth feel within 10%
accuracy from physicochemical product properties defined in Table 5.1. A remarkable result is
when averaging over all sensory categories, the ANN2 model uses less than half of the amount
of parameters compared to the multivariate linear model and delivers 46% more accuracy, con-
sidering the weighted average over all attributes of Table 5.5.

5.5.3 Sensitivity analysis

The results of the local and global sensitivity analysis are displayed in Figure 5.4. The model
inputs are ranked from top to bottom in order of importance based on the local sensitivity coeffi-
cients. The global sensitivity coefficients were summed over all attributes and scaled accordingly,
see equation 5.9 . The global sensitivities reveal a slightly different ranking. The critical modu-
lus, the storage modulus and the yellow index were ranked more important with a global analysis.
While the other variables showed a ranking similar to the local sensitivities. The oil droplet size
was ranked at the bottom of influential variables. The sensory perception of low-viscosity emul-
sions (milk-like products) was found independent of droplet size as well (Vingerhoeds et al.,
2008). However, it is well known that the droplet size influences emulsion rheology for con-
centrated systems (Pal, 1996) as well as appearance for diluted systems (McClements, 2002).
Therefore, the droplet size distribution cannot be disregarded.

The results of the FAST-method for every category of sensory attributes, which were defined
in Table 5.2, are displayed in Figure 5.5. The complete pie represents the total variance of all
sensory attributes in each category. The pie chunks represent the contribution of each input
variable to the total variance of the model output, i.e. the influence of each individual input on
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Figure 5.4: The sensitivity indices of the local (eq. 5.7)and global sensitivity (eq 5.9) indices are scaled
accordingly and the factors are ranked based on the local sensitivity analysis
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Figure 5.5: Results of the global sensitivity analysis

the model output. A few things are directly obvious; the yellow index for example explains more
than half of the variance of all appearance attributes. For the mouth feel attributes the viscosity
and the fat level explain most of the variance. For the taste attributes it is not directly clear
why the storage and critical moduli have such a huge impact on the total variance in the taste
predictions and the flavor components have only a low contribution. The model inputs are not
all independent from each other. When some model inputs are correlated the true sensitivity of a
particular model input remains hidden. In the last decade methods are being developed which can
quantify the fully, partially correlated and independent contributions of the inputs to the output
variance, see e.g. the work of Kucherenko et al. (2012) as well as that of Mara and Tarantola
(2012). In stead of implementing more sophisticated sensitivity analysis methods, the model
will be extended to include the correlations between the input variables. Since the end goal is to
predict the sensory attributes from processing and formulation considerations. The operational
settings and the product formulation determine the physicochemical properties which form the
input for the sensory model.

5.5.4 Additional model testing

Is has often been advocated that cross validation gives overoptimistic accuracies (Wood et al.,
2010; Westerhuis et al., 2008). Therefore it is recommended to perform additional model testing
on an external data set. It is common practice for FMCG industries to hire the same panel again
to build a new validation data set. The definitions of the sensory attributes and the associated
scales remain the same. The model is then successful if the new sensory scores and the model
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Table 5.6: Mouth feel attributes defined by van Aken et al. (2011) targeted for validation of the ANN2
model

Attributes description

Mthick From water to yoghurt thickness
Mcreamy Velvety, warm, soft
Msticky Tacky, sticky feeling
Mfatty Fatty oily layer in mouth and on lips

predictions show a good correlation i.e. R2 > 0.8. Such a data set is unfortunately not available.
Therefore the ANN2 model attempts to reproduce the trends in the panel scores for mayonnaise
like products which were reported by van Aken et al. (2011).

In that publication four sensory attributes resemble the attributes defined in Table 5.2; these are
Thickness, Sticky, Velvet and Fatty. The definitions of van Aken et al. (2011) are listed in Ta-
ble 5.6. Because a different sensory assessment procedure was applied with a different sensory
scale the exact panel scores cannot be reproduced. In the article of van Aken et al. (2011) four
categories of four thickened oil-in-water emulsions were analyzed. Two categories contained
samples which were to thin to be compared to mayonnaises (i.e. η50 < 1 Pa s). The sensory
attributes Mthick and Mcreamy had their own sensory scale for each category which made com-
parison between categories not possible. This was not the case for the attributes Msticky and
Mfatty which were scored on one scale for all emulsions. Furthermore, data on fat level, viscos-
ity, shear thinning index and droplet sizes were provided. In the previous section it was already
shown that viscosity and fat level contribute to almost 50 % of the variance in the mouth feel
attributes.

The results of the additional model testing of the ANN2 model are displayed in Figure 5.6.
A correlation was obtained between the panel scores of van Aken et al. (2011) and the model
predictions. All attributes correlated very well except for the Mouth feel attribute fattiness (R2 =
0.42).

5.6 Conclusions

In this chapter three different model structures were compared. These model structures were a
linear model, a second order polynomial and neural network models considering four different
types of architecture. The modeling aim was to link sensory attributes to physical and chemical
product properties. None of the model structures were able to correlate the taste attribute ’Other’
and the odor attributes ’Other’ and ’Sulphur’ to the physicochemical properties. For the other
24 attributes a useful correlation was established by all models. It turned out that small neural
networks perform the best on a k-fold cross validation test. From a range of models the artificial
neural network with two neurons in the hidden layer was selected. This model will be used in
the next chapter for the optimization of the scores on sensory attributes.
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Figure 5.6: The correlation between the model predictions of ANN2 and the data from van Aken et al.
(2011) for the Mouth feel attributes: Thickness (a), Creaminess (b), Stickiness (c) and Fattiness (d)

107



Chapter 5. Statistical Modeling of Sensory Scores for Mayonnaise

The sensitivity analysis revealed some evident trends; the yellow index explained more than
half of the variance in the appearance attributes, viscosity and fat level are important for the
mouth feel attributes. The sensitivity in the taste attributes came from the less evident critical
and storage moduli. This could be explained by the fact that a lot of information about the
mayonnaises recipes was not disclosed. It appeared as well from the sensitivity analysis that
the oil droplet size was one of the least influential variables. Although the sensitivity algorithm
did not take into account the correlations between input variables. The next chapter will include
the correlations between product formulation and physicochemical product properties, as well as
processing conditions and physicochemical product properties.

Finally, the ANN2 model was validated with data from an externally published source. Be-
cause of different definitions of the sensory attributes and associated scales it was impossible to
compare the model outcome with the external data. The trends in the validation data were well
reproduced by the ANN2 model for three of the four attributes.

Nomenclature

Abbreviations

AC Acetic acid
AITC Alyl isothiocyanate
ANN Artificial neural network
FMCG Fast moving consumer goods
MSE Mean squared error
RMSE Root mean squared error

Latin Symbols

a Fit parameters in ANN
b Fit parameters in ANN
c Fit parameters in ANN
D3,2 Sauter mean diameter m
k Number of cross validation subsets
M Number of input variables
m Number o output variables
N Number of neurons
n Number of data points
Sσ

i,tot sigma normalized sensitivity coefficient
SG

i,tot Global sensitivity coefficient
w Fit parameters in ANN
X Vector with input variables
ŷ Estimate of the sensory score
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Greek Symbols

β Fit parameters for linear and polynomial models
σ Standard deviation
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6 The optimization framework: a
mayonnaise case study

Abstract This chapter combines models for oil droplet size distribution and rheology as well
as the penetrometry models to obtain a mathematical framework for the estimation of the sen-
sory attributes of full fat mayonnaises. The framework was extended with correlations needed to
estimate the remaining physicochemical properties of mayonnaises to be produced. A local sen-
sitivity analysis was performed on the framework for three different mayonnaises which varied
in oil content (65, 70 and 75 wt%). The sensitivity analysis showed that the sensory perception
is more sensitive to small changes in the processing variables than to changes in the formulation
variables. The framework can be used to design a theoretical mayonnaise, i.e. to calculate the
recipe and operational settings which maximizes a desired sensory attribute. Two industrially
relevant case studies were formulated to test the framework. In case study 1 the creaminess
scores were optimized while the oil fraction was limited to 0.65 w/w. An increment of 16 % was
realized by changing all other input variables. In case study 2 the production rate was maximized
for the mayonnaise formulated in case study 1 without affecting the sensory scores. The mouth
feel attributes changed by less than 5 % and product creaminess went down by 3 % upon maxi-
mizing the throughput. A highly extensible framework was presented which was able to estimate
the sensory scores with respect to mouth feel for full fat mayonnaises.

6.1 Introduction

For the fast-moving consumer goods industry it is desired to optimize the sensory perception
of a product. Recently, publications appeared which describe the optimization of the sensory
perception of food products by changing the formulation of soy-based desserts (Granato et al.,
2010), wheat chips (Kayacier et al., 2014) or honey drinks (Karaman et al., 2011). Other research
attempted to optimize the sensory attributes by changing the processing conditions for frying
sweet potato (Esan et al., 2015), chopping of meat (Curt et al., 2004) or producing chicken
meat from caruncles (Singh et al., 2015). The approach used in these optimization studies was
generally as follows: (1) a type of product is produced using relatively small variations in the
recipe and/or processing conditions; (2) relevant sensory attributes are defined for the product;
(3) the products are rated on the sensory attributes by a trained panel; (4) a statistical correlation
is obtained between the panel scores of sensory attributes and the ingredient fractions and/or
processing settings; (5) the models are used to find the product formulation or operational settings
which maximizes the desired sensory response.
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The aim of the work reported in this chapter is to develop a tool to control the sensory attributes
by making the correct decisions for process design and operation as well as product formulation.
Instead of making the jump from product formulation/processing directly to sensory attributes
(as step (4) would suggest) a more generic approach is proposed. In this approach mechanistic
modeling tools are used to predict the physical and chemical product properties which in turn
influence the sensory attributes (see Figure 1.1 in the thesis introduction). Chapter 5 described
the construction of a model which was able estimate scores on sensory attributes for mayonnaises
from physical and chemical product properties. The next step is to model all product properties
needed as input for the sensory model.

All physical and chemical properties needed to estimate the scores on sensory attributes can be
found in Chapter 5 (Table 5.1). The droplet size distribution and mayonnaise viscosity were
modeled using the approach described in Chapter 3. The Stevens value was determined from
a penetrometry test with a specific probe. When the rheological parameters of the Herschel-
Bulkley model are known, an estimate of the Stevens value is possible, see Chapter 4. In the
present Chapter the remaining rheological input variables from Table 5.1 were estimated using
the available models from literature. Where no model nor correlation was available a multivariate
regression was attempted. All the correlations were put together in a mathematical framework.
The framework models were able to estimate the panel scores on 24 sensory attributes.

Once the framework was completed a sensitivity analysis was performed to quantify the effects
of the input variables (mayonnaise formulation and operational settings) on the output sensory
scores. Two industrially relevant case studies will be presented to demonstrate the usage of the
framework. Finally, the following questions should be answered: ’How can the sensory profile
of mayonnaise be manipulated?’ Is that by making small variations in the existing recipe? Or by
changing the operational conditions? Or is the best option a combination of both?

6.2 The framework

The optimization framework presented in Figure 6.1 connects the processing variables and the
product formulation on the left to the sensory attributes on the right. The input variables consist
of the operational variables: rotor speed (ω), gap size (g) and flow rate (Fm); and of the formu-
lation variables: oil fraction, egg yolk fraction, vinegar fraction and mustard flavor fraction. The
viscosity of the aqueous phase is also an input variable and belongs to the formulation variables.
The aqueous phase is the continuous phase of the mayonnaise emulsion and contains the dis-
solved or dispersed components of egg yolk and mustard as well as dissolved salts and sugars
which all increase the viscosity. The viscosity of the continuous phase including all components
increases to approximately ten times the water viscosity.

The models require additional information in the form of various constants and parameters which
enter at the top in Figure 6.1. This additional information is assumed to be constant and consists
of the colloid mill dimensions; material properties such as the densities of both phases, the
interfacial tension, oil viscosity etc.; empirical constants, most of the models need these constants
to simulate experimental data; numerical parameters which include the parameters describing
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Mathematical framework:

f (X,ζ )

Model constants and 

parameters

ζ

Operational and 

formulation variables

X

Sensory 

attributes

 𝑦

Figure 6.1: Optimization framework

the discretization of the droplet size and the mill axis length; physical constants are e.g. the
gravitational constant, the Boltzmann constant, the Hamaker constant.

The mathematical framework consists of several interconnected models all aiming at the predic-
tion of the sensory scores. In Figure 6.2 the sub-models within the mathematical framework of
Figure 6.1 are displayed. In the following sections the sub models (the f ’s in Figure 6.2) are
described.

6.2.1 The mixing model: f1

The mixing model predicts the droplet size distribution of mayonnaise leaving the colloid mill
mixer. The mixing model is a population balance equation given in equation 3.9. As discussed
previously in Chapter 3 the droplet sizes depend on the viscosity of the surrounding fluid and the
viscosity in turn depends on the average droplet size. Therefore the model is connected with the
viscosity model, see Figure 6.2.

6.2.2 Mayonnaise viscosity model: f2

The mayonnaise viscosity model was described in Chapter 3, section 3.3.1. The model was
based on the Cross viscosity model (Cross, 1965) to simulate the mayonnaise viscosity under
mixing conditions. However, for more consumer relevant conditions i.e. lower shear rates, a
Herschel Bulkley (HB) viscosity model is more appropriate (Singla et al., 2013; Liu et al., 2007).
Moreover, the HB model parameters are required to estimate the Stevens value, see Chapter 4.
The shear thinning index (n) is a dependent variable which indicates the decrease of viscosity at
increasing shear rate. The shear thinning index depends on the dispersed phase concentration, see
equation 3.5. The shear thinning index of both models is similar and the consistency parameter
required in the HB model can easily be extracted from the modified Cross model. The yield
stress is the last parameter needed in the HB model. The yield stress will be estimated by another
model ( f5) which will be described below.
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6.2.3 The Stevens’ value: f3

The Stevens value (St) is a measure for firmness or hardness. A grid consisting of crossed
metal wires (see Figure 4.1) was pushed at a constant speed of 2 mm s−1 and the resistance
was measured at a depth of 25 mm (Kuil et al., 2004; Anton et al., 2013). The resisting force
can be estimated by equations 4.14, 4.19 and 4.20, given in Chapter 4. The analysis presented
in Chapter 4 required to pre-shear the samples to obtain reproducible results. The mayonnaise
samples were stirred before measurement. However, the consumer will not stir in the jar of
mayonnaise before consumption. The sensory model was developed with Stevens data of rested
mayonnaise samples. The mayonnaises are known to increase in Stevens value from the point
of production and jar-filling to storage and consumption. The increase of product structure over
time is being attributed to network formation by depletion interactions and bridging flocculation
of the egg yolk proteins. Typically the mayonnaise hardness increases by 100 % when it sets in
the jar over time. The extend of increase in hardness will depend on the product formulation,
e.g. concentration of oil, egg yolk and vinegar; as well as the processing conditions, i.e. the oil
droplet size. The magnitude of this increase may as well vary from batch to batch, since there is
always a variation between batches of egg yolk. The increase in hardness was not quantified in
this study and an increase of 100 % was assumed for function f3.

6.2.4 The storage modulus: f4

The modulus is the ratio between stress and strain for any given material. The elastic modulus
(also known as the storage modulus) dominates for very small deformations. For mayonnaises
this is typically below 0.1% shear strain. Only few models have been suggested in literature
which are able to estimate the storage modulus of high internal phase emulsions. All of these
models are of empirical nature (see Princen (1983), Princen and Kiss (1986) and Scheffold et al.
(2013a)). The model of Princen and Kiss (1989) is given here and is only valid for dispersed
phase fractions above the maximum packing fraction of hard spheres:

Gp = 1.77φ
1/3 (φ −φmax) (6.1)

In which Gp is the scaled storage modulus (Gp =G/(σ/R32)) and φ is the dispersed phase volume
fraction. The maximum packing fraction (φmax) depends on the droplet size distribution (Pal,
1998). The model by Scheffold et al. (2013a) is formulated here:

Gp = 6a1 (φ
8/3 (φ −φmax)0.82+φ

5/3 (φ −φmax)1.82) (6.2)

The free parameter in equation 6.2 (a1) was adjusted to match the experimental data, see Fig-
ure 6.3-a. Both models for the storage modulus do not give a very good correlation. This can be
explained by the varying polydispersity of the oil droplets, various sources of ingredients used
in the mayonnaises or a poorly defined surface tension. Nonetheless, the models provide a better
estimate than the average (R2 = 0.56 for eq. 6.2 and R2 = 0.42 for eq. 6.1). The quantitative model
formulated by Scheffold et al. (2013a) was selected to predict the elastic shear modulus of the
mayonnaises. The model requires an estimate for the packing limit of oil droplets. This estimate
was provide by the algorithm of Ouchiyama and Tanaka (1984) and depends on the droplet size
distribution.
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Figure 6.3: Parity plots of the storage modulus (a) and the yield stress (b) comparing the model predictions
of Scheffold et al. (2013a) (○) and Princen and Kiss (1989) (+)

6.2.5 The yield stress: f5

The yield stress (τ0) of a fluid is the stress needed just sufficient to let the fluid flow. In literature
not more than a hand full of models can be found which predict the yield stress of high internal
phase emulsions (see e.g. Princen and Kiss (1989), Jansen et al. (2001a) and Scheffold et al.
(2013a)). Here, again the models of Princen and Kiss (1989) and Scheffold et al. (2013a) are
compared. The model of Princen and Kiss (1989) is given as:

τ0 = φ
1/3 (−0.08−0.114log10 (1−φ)) (6.3)

and the model of Scheffold et al. (2013a) as:

τ0 = a2Gp (φ −φmax)0.7 (6.4)

The yield stress was made dimensionless by the Laplace pressure, σ/R32. The models repre-
sented by equations 6.3 and 6.4 were compared and the result is given in Figure 6.3-b. The same
set of mayonnaises was used as for the validation of the elasticity models. Both yield stress mod-
els do not give a good correlation. The model of Princen and Kiss (eq. 6.3) clearly fails outside
the experimentally verified ranges, i.e. the model gives negative estimates of τ0 for dispersed
phase volume fractions lower than 0.74 v/v. The model of Scheffold et al. (eq. 6.4) is still better
than the average. The poor coefficient of determination (R2) is attributed to the measurement of
the yield stress. There are a lot of methods available which render diverse values for the yield
stress. Even in a controlled rheology experiment the result depends on the detailed experimental
protocol used (Moller et al., 2009).

116



6.2. THE FRAMEWORK

3.4 3.8 4.2

3.4

3.8

4.2

pH observed

p
H

ca
lc

Figure 6.4: Parity plot of the measured mayonnaise pH and the calculated pH using a dissociation constant
of 7.05

6.2.6 pH model: f6

The pH is a function of the acid concentration and the acid dissociation equilibrium. The con-
centration of acids is a direct function of the product formulation, namely the amount of vinegar
or lemon juice which are typical mayonnaise ingredients. Here only spirit vinegar (10% acetic
acid) was considered. Data was available to relate the concentration of spirit vinegar with the
mayonnaise pH. The only unknown was the acid dissociation constant.

pKa = −log10
⎛
⎝
[Ac−][H+]

[AcH]
⎞
⎠

(6.5)

To estimate the mayonnaise pH, the acid dissociation constant (pKa) is freely adjusted to match
the experimentally observed pH. In pure water the acid dissociation constant (pKa) of acetic acid
is 4.756 (Lide, 2003). For mayonnaises a value of 7.05 was found, see Figure 6.4. Other com-
ponents which are present in mayonnaise are likely to have an influence on the acid equilibrium
and therefore is it expected that the dissociation constant varies with formulation.

6.2.7 Prediction of flavor chemical concentrations: f7

Four chemicals were identified in the head space. These are the aromas released by the mayon-
naises and were measured by Mass Spectrometry (MS). In general the intensity of the MS signal
is not linear with concentration. However, it is possible to correlate the MS peaks to the concen-
tration if the spectrometer is calibrated over a linear region. This was only done for acetic acid
and AITC. Then the intensity of the signal was assumed to be a linear function of the concentra-
tion of the flavor chemical in the sample. The formulation i.e. the fraction of mustard flavor can
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be directly correlated with the AITC MS signal via:

ĤAITC = a3 ∗xmustard R2 = 0.81 (6.6)

In equation 6.6, ĤAITC is an estimation for the AITC Mass Spectrometry signal, xmustard is the
mass fraction of mustard flavor in the mayonnaise recipe and a3 is a constant. Acetic acid was
also identified by Mass Spectrometry and the concentration was directly correlated to the mass
fraction of vinegar in the mayonnaise recipe.

ĤAC = a4 ∗xvinegar R2 = 0.35 (6.7)

In equation 6.7 ĤAC is an estimate for the acetic acid mass spectrometry signal, xvinegar is mass
fraction vinegar and a4 is an empirical constant. Different sources of vinegar have different con-
centrations of acetic acid and likewise different sources of mustard have different concentrations
of AITC. Here, only one source for vinegar was considered being spirit vinegar (10%). Also one
source of mustard is considered which was mustard flavor extract. The chemical concentrations
in the headspace correlated relatively well with the mass fractions of vinegar and mustard. Egg
yolk is the source of carbon disulfide and hydrogen sulfide in the head space. No calibration of
the MS signals was done and no correlation with egg yolk fraction in the formulation could be
established.

6.2.8 Oscillatory rheology: f8

During a oscillatory stress sweep test the storage and loss moduli cross each other. The point of
intersection is noted as the critical modulus. At this point the solid-like character of mayonnaise
disappears, and is also referred to as the yield point. If the critical strain of the material is known,
the critical modulus (Gc) can be calculated by:

Gc =
τ0(σ/R3,2)

sc
, (6.8)

in which sc is the critical strain. There are no physical nor empirical models available to predict
the critical strain of concentrated emulsions. Therefore, the critical modulus (Gc) was assumed
to be a function of φ , D3,2, Gp, τ0, η50, n and St. A Multivariate linear regression was done and
the result is displayed in Figure 6.5-a. The results demonstrated that the critical modulus can be
predicted from other rheological parameters and micro structural parameters.

The tangent of the loss angle is the ratio between the loss and the storage modulus. The tangent
of the loss angle in the linear viscoelastic region was reported during the oscillatory stress sweep
test. A multivariate linear regression was performed, because there are no physical nor empirical
models available for the loss angle nor for the loss modulus of high internal phase emulsions.
The tangent of the loss angle (tan δ ) was assumed to be a function of φ , D3,2, Gp, τ0, η50, n
and St. The correlation of a multiple linear regression is displayed in Figure 6.5-b. tan δ can be
predicted from the same variables as the critical modulus (Gc) although with a lower accuracy.
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Figure 6.5: Parity plots of the critical modulus (a) and the tangent of the phase angle (b). See Appendix B
for the measurement protocol of the oscillatory rheological parameters for mayonnaise

6.2.9 Prediction of Appearance

The Yellowness Index of the mayonnaises is a required input parameter for the Artificial Neural
Network models predicting the sensory scores. It is defined as a measure of the degree to which
the color of a surface is shifted from white towards yellow. Not sufficient information about
the mayonnaise recipes was disclosed to make a prediction of the mayonnaise color (Yellowness
Index). For example, it is common to add colorants to the formulation. However, the Yellowness
Index can be calculated from the three-dimensional color space (X , Y and Z) defined by the CIE
system (see e.g. Wyszecki and Stiles (1967)). The Yellowness Index (Y I) is calculated by:

Y I = 100(aX +bZ)
Y

(6.9)

The coefficients a and b depend on the light source (in this case a = 1.30 and b = 1.13). The three
coordinates defined by the CIE system are determined by the reflection or transmission spectrum
of an object (McClements, 2002). The color of an emulsion is determined by its composition
(e.g. colorants and droplet concentration) as well as its micro-structure (droplet size distribu-
tion). In concentrated emulsions the color is mainly caused by the wavelength dependence of
light reflected from the surface (McClements, 2002). An experimental study showed a linear
correlation between the concentration of colorants (β -carotene and lutein) and the yellow color
(+b* of the CIELAB system) of mayonnaise (Santipanichwong and Suphantharika, 2007). A
theoretical model was developed for emulsions up to 25 wt% dispersed phase which can predict
the color from droplet size distribution and concentration, and from dye absorption spectra and
concentration (McClements et al., 1998). It is possible to predict the Yellowness Index of may-
onnaise from the product formulation (including colorants) and the micro-structure. However,
the model of McClements et al. (1998) should be adapted to highly concentrated emulsions.
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Table 6.1: Input variables for the statistical model (ANN2) with references to the models and mean errors
of those model predictions

Category Input variables RMSE / % Model reference

Ingredients/flavor chemicals Oil fraction <1
pH 5 eq. 6.5
H2S mass 200 Mean value
AC mass 85 eq. 6.7
CS2 340 Mean value
AITC mass 10 eq. 6.6

Rheological variables Stevens 29 eqs. 4.14, 4.19 and 4.20
Critical strain 45 eq. 6.8
Critical modulus 26 sec. 6.2.8
Yield stress 35 eq. 6.4
tan δ 12 sec. 6.2.8
Viscosity 9 eqs. 3.2-3.5
Storage modulus 23 eq. 6.2
Shear thinning index 9 eq. 3.5

Other D3,2 44 eq. 3.19
Yellowness index 29 Mean value

6.2.10 Prediciton of Sensory Attributes

In Chapter 5 a model was selected which can be used to estimate the panel scores on sensory
attributes. The sensory attributes were divided into four groups: Mouth feel, Taste, Odor and
Appearance, see Table 5.2. For each group a multiple input multiple output model was con-
structed. The model inputs are listed in Table 6.1. These input variables were correlated to
the framework input variables where possible. The error of the estimation was also given in
Table 6.1.

6.3 Sensitivity Analysis

To study the effect of the input variables (Xi) on the response variables (ŷ j) a sensitivity analysis
was executed. Here, the influence of small changes in the input variables on the output variables
was quantified. In particular, the sensitivity towards the Mouth feel attributes was investigated.
The sensitivity coefficient was summed over all (m) mouth feel attributes to study the influence
of a single input variable on the total sensory space. Therefore, the sensitivities of the input
variables of the framework in Figure 6.2 were calculated by:

Si,tot =
m

∑
j=1

X[0]
i

ŷ j (X[0])
∣ ∂ ŷ j

∂Xi
∣ (6.10)
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Table 6.2: Input variables (Xi) with the indicative ranges of the optimization framework in Figure 6.2

i Input variables Units Description Range

1 xoil w/w Oil fraction 0.65 - 0.85
2 xeggyolk w/w Egg yolk fraction 0.01 - 0.15
3 xvinegar w/w Vinegar fraction 0.01 - 0.05
4 xmustard w/w Mustard flavor fraction 0 - 0.0008
5 ηc Pa s Aqueous phase viscosity 0.005 - 0.1
6 g mm Colloid mill gap 0.104 - 0.832
7 ω rpm Colloid mill rotor speed 3170 - 10,000
8 Fm kg h−1 Flow rate 15 - 75

In equation 6.10, X is a vector with input variables, ŷ j is a model prediction for attribute j and
Si,tot is the total sensitivity of a single input variable (i) on all sensory attributes. The model
input variables with the limitations and operational ranges are listed in Table 6.2. The sensitivity
coefficient defined in equation 6.10 depends on the nominal variable values X[0]. Not all points
in the 8-dimensional input space result in a satisfactory mayonnaise. Therefore, a local sensitivity
analysis was performed around three nominal points i.e. a mayonnaise with 65, 70 and 75 wt%
oil, with small perturbations of 5 % of the range over which the variables vary, see Table 6.2
for the ranges. A percentage of the range was taken instead of the nominal values so that the
increments were constant for different product formulations. A 5 % perturbation means that the
oil weight fraction is increased by 1 %, and that the rotor speed is increased by 342 rpm. The
partial derivatives in equation 6.10 were calculated by the Taylor expansion in equation 5.5.

6.3.1 Results and discussion of the sensitivity analysis

The sensitivity coefficients defined in equation 6.10 for three mayonnaises with 5 % perturbation
are displayed in Figure 6.6. It shows clearly that indeed the cumulative sensitivity coefficients de-
pend on the nominal input variable values. This indicates that the local sensitivity coefficients do
not correctly resemble the sensitivity of the response variable to changes in the control variables
in the multi-dimensional input space. However, the rotor speed of the Colloid Mill appears to be
the most dominant variable at a perturbation of 5 %, followed closely by the oil weight fraction.
The oil weight fraction is the most dominant variable of all the ingredients in the formulation.

The sensitivity analysis demonstrated that the operational variables i.e. colloid mill gap size
(g), rotor speed (ω) and flow rate (Fm) have a larger influence on the sensory scores for the
mayonnaise with 65 wt% oil than the mayonnaises with a larger amount of oil. This is reflected
by the magnitude of the sensitivity coefficients, see Figure 6.7. This is good news for the product
developer since the trend is to reduce the oil concentration as much as possible without affecting
the sensory profile. The product developer should be able to correct for the decrease in the oil
fraction by the other input variables. This will be the theme of the optimization case study in
section 6.4.1.

The sensitivity analysis showed that the most dominant formulation variable was the oil fraction
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Figure 6.6: Local cumulative sensitivity coefficients defined in equation 6.10 for a 65, 70 and 75 wt% oil
mayonnaise, with a perturbation of 5% of the range over which the variables vary

and the most dominant operational variable was the rotor speed. In Figure 6.7 the influences of
the two dominant variables on the individual mouth feel attributes are displayed for a 65 wt%
oil mayonnaise. Figure 6.7 demonstrates that the most mouth feel attributes can be manipulated
by both the processing variables and the formulation variables. An exception is the attribute
’Fatty’ mouth feel which can not be significantly changed by processing the mayonnaise. On the
other hand, the attributes ’Prickling’ and ’Homogeneous’ were best influenced by the processing
variables. The sensitivity coefficients allow for choosing the most influential variable to change
in a specific situation, either within a set of formulation variables, process variables or both.

The local sensitivity coefficients were summed up to compute a global sensitivity score for each
input variable. The global sensitivity scores are displayed in the pie-chart of Figure 6.8. The
operational variables combined account for 56 % of the total impact on the Mouth feel attributes
and all formulation variables account for 44 %.

6.4 Optimization case studies

6.4.1 Case study 1: optimizing creaminess scores for reduced oil mayon-
naise

The framework was used to answer the following question: can product creaminess be increased
while the oil fraction is kept to a minimum value? Here 0.65 w/w is the minimum oil fraction
according to the standard of identity in some countries like US (FDA, 2014).
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Figure 6.7: The cumulative sensitivity of all Mouth feel attributes to a 5 % perturbation of the formulation
and processing variables
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The optimization problem has the following structure:

max ŷcreamy = f (xi,ηc,g,ω,Fm)
subject to:

xoil = 0.65

∑xi ≤ 1
xi > 0, for all i

The subscript i refers to the ingredients, see Table 6.2. All input variables can only vary over
the ranges listed in Table 6.2. It is the objective to maximize the model output creaminess,
ŷcreamy, which is basically an Non Linear Problem (NLP). The NLP is non convex and a global
optimizer should be used. In the first step a Genetic Algorithm (GA) was used from the MATLAB
global optimization toolbox (MATLAB). Then, in the second step, the outcome of GA forms the
initial guess for the simplex search method using the fminsearch algorithm with constraints also
from MATLAB (MATLAB). From 100 optimization runs the 10 highest creaminess scores were
evaluated, see Table 6.3.

6.4.2 Case study 2: maximizing production without affecting the sensory
perception

Now the framework of Figure 6.2 will be used to answer another industrially relevant question:
how is the sensory perception affected when the production rate is maximized? To answer this
question the set point of case study 1 was used (optimized input variables of Table 6.3) and only
the flow rate is increased from 15 to 75 kg h−1.

6.4.3 Results and discussion of the case studies

The maximum creaminess score found in the optimization was realized by the input values listed
in Table 6.3. Since no global optimum can be guaranteed by the algorithm 10 runs were selected
from 100 optimization runs. The 10 highest creaminess scores had all the same combination of
input variables except for two runs which had a slightly different combination of input variables.
The maximum creaminess score of 7.3 for a 65 wt% oil mayonnaise is an increase of 16% com-
pared to tested mayonnaises with a similar oil content, see Figure 6.9. The results indicated that
mustard was not beneficial for the sensory attribute creaminess. It does, however, not mean that
mustard should be removed from the recipe because other sensory attributes like taste might be
influenced by the mustard flavor content. The processing settings for the optimized mayonnaise
(see Table 6.3) point towards generating a minimum oil droplet size. The average droplet size of
the optimized mayonnaise was 8.2 µm.

The results of case study 2 are displayed in Figure 6.10. When the flow rate was increased to 75
kg h−1 the change in mouth feel attributes was less than 5 % (see Figure 6.10) and for creaminess
approximately 3 %. The sensitivity analysis already revealed that for small perturbations the flow
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Table 6.3: Results of the optimization run for case study 1

i Input variables Optimized values units

1 xoil
† 0.65 w/w

2 xeggyolk 0.04 w/w
3 xvinegar 0.01 w/w
4 xmustard ∼0 w/w
5 ηc 0.023 Pa s
6 g 0.104 mm
7 ω 10,000 rpm
8 Fm 15 kg h−1

†The oil fraction was fixed in the optimization study
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Figure 6.9: The panel scores on mayonnaise creaminess as a function of the oil fraction ( ). The result of
the optimization is indicated by the cross and the arrow indicates the increase of the creaminess score from
the average (⋅ ⋅ ⋅)
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Figure 6.10: Relative change in the Mouth feel attributes upon maximizing the production rate

rate can be very significant. Apparently, a 100 % increase of the flow rate (i.e. maximization of
the flow rate) does not have a significant effect on the mouth feel attributes. This is a desirable
outcome for the operators because a maximum production rate can be maintained without affect-
ing the sensory profile of the product. The model estimates a reduction of 4 % of the perceived
thickness. This could be explained by a decline in viscosity due to an increase in average droplet
size, these trends were discussed in more detail in Chapter 3.

The vegetable oils used in mayonnaise and dressings have a large contribution to the cost price
of these types of products. Lowering the oil content while maintaining same product quality
is one of the major challenges in the development of mayonnaise and dressings. Also from a
sustainability point of view it is desirable to limit the use of vegetable oils. Moreover, decreasing
the oil content reduces the caloric value of the product. On the other hand, the oil phase gives
structure to the products, i.e. an increase in viscosity, elasticity and yield stress. When the oil
phase is reduced the loss of structure must be compensated by the viscosity of the continuous
phase or the droplet size distribution.

The optimization results demonstrated that the viscosity of the aqueous phase had to increase
to 23 times that of pure water. With all the components already present in the aqueous phase,
the viscosity rises to about 10 times that of pure water. Therefore the aqueous phase must be
structured with food additives such as starches or gums to increase the creaminess score of 65%
oil mayonnaise. Should the mayonnaise be conform the standards of identity the challenge will
be structuring the aqueous phase with a limited number of permissible ingredients. Added value
to the framework can be to include the effects of thickeners on the sensory perception. Likewise,
inclusion of the effects of salts and sugars on the sensory perception completes the framework
and could lead to better predictions.
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6.5 Conclusions and outlook

A (preliminary) mathematical framework was presented in this chapter, see Figure 6.2. The ef-
fects of formulation and processing on the micro-structure of mayonnaise were quantified as well
as the relation between the micro-structure, the macroscopic properties and the sensory response
to the physicochemical product properties. This framework assists in the product development
of mayonnaises and gives an estimate for the sensory profile of mayonnaise if certain operational
settings and formulations are chosen.

A sensitivity analysis (SA) was performed to map the influences of the input variables (listed in
Table 6.2) with respect to the sensory response. This SA guides in answering the question where
to look if a specific sensory attribute should be changed. Does the product developer need to
change the formulation or can he manipulate the operational settings? Or is the best strategy a
combination of both? The SA demonstrated clearly that this depends on the specific attributes.

Optimization of the output of the mathematical framework generates a mayonnaise with theoret-
ical optimized sensory scores including a recipe and operational settings for production in a pilot
plant. Case study 1 involved the optimization of mayonnaise creaminess scores while fixing the
oil fraction to a minimal value of 0.65 w/w. According to the optimization the creaminess scores
of mayonnaise containing 0.65 w/w oil could be increased by 16%. The objective of case study
2 was to maximize the production rate without affecting the sensory profile of mayonnaise too
much. The base case was the optimization of case study 1, only now the flow rate was increased
from 15 kg h−1 to a maximum of 75 kg h−1. It appeared that the Mouth feel attributes changed
by less than 5 % and mayonnaise creaminess decreased only by 3 %.

Many more optimization cases could be performed on any one of the sensory attributes. If a
combination of attributes has to be optimized a multi-objective optimization strategy could be
employed. It is expected that this does not lead to higher computational expenses since the
attributes are computed all at once by the network. However, the solution might be non-inferior
in which the improvement of one attribute might lead to a decline in another attribute. This was
demonstrated in case study 1 by the increase of creaminess leading to a possible decrease in
other tastes. The framework could even support in equipment design if the dimensions of the
colloid mill were optimized instead of the formulation and operational settings. Furthermore,
the framework can easily be transformed to a cost optimization problem if the costs of all the
ingredients and operational costs are linked to the input variables which are given in Table 6.2.

The framework was build only for full fat mayonnaises and the physics of high internal phase
emulsions was applied. Therefore, the continuous phase viscosity was left as an input (formula-
tion) variable. The rheology of emulsified consumer goods with a much lower dispersed phase
fraction is mainly determined by the continuous phase. To complement the framework to include
light mayonnaises necessitates the inclusion of the effects of thickeners on the micro- and macro-
scopic properties as well as taste and mouth feel. Moreover, the structuring of the continuous
phase requires additional processing steps which should be modeled and implemented into the
framework.
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Nomenclature

Abbreviations

AC Acetic acid
AITC Alyl isothiocyanate
ANN Artificial Neural Network
GA Genetic Algorithm
SA Sensitivity analysis

Latin Symbols

a1−4 Empirical constants
D3,2 Sauter mean diameter m
Fm Mass flow rate kg h−1

Gc Critical modulus Pa
Gp Storage modulus
g Gap between rotor and stator mm
Ĥ Estimate for MS signal of head space components
m Number of mouth feel attributes
n Shear thinning index
R2 Coefficient of determination
R3,2 Sauter mean radius m
Si,tot Local sensitivity coefficient for input i
St Stevens’ value
sc Critical strain
X Vector with inputs for the sensory model
X Coordinate of the CIE system
xi Mass fractions of formulation w/w
Y Coordinate of the CIE system
Y I Yellowness index
ŷ Estimation for sensory scores
Z Coordinate of the CIE system

Greek Symbols

δ Phase angle
ηc Continuous phase viscosity Pa s
σ Interfacial tension N m−1

τ0 Yield stress scaled
φ Dispersed phase volume fraction v/v
φmax Maximum packing fraction v/v
ω Rotor speed rpm
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7.1 Conclusions

As formulated in the title and the introduction the main objective of this work was to optimize
the sensory and physicochemical aspects of emulsified consumer products. In this thesis it has
been demonstrated that optimization is feasible provided that the relationship between the control
and response variables are sufficiently quantified. The chapters in this thesis render the building
blocks to establish a mathematical description of the desired response variables in terms of the
control variables. The control variables are the product recipe on the one hand and the processing
options on the other hand. The response variables are the scores on sensory attributes given by a
tasting panel. For the product developer it is highly desirable to be able to predict and optimize
the sensory profile of a product by making changes in the recipe, operational settings or both.

This chapter summarizes the main conclusions from the previous chapters. The first section
of this chapter presents the conclusions of the work done on the prediction of the droplet size
distributions for emulsions experiencing various hydrodynamic conditions. This was described
in Chapters 2 and 3. The following section gives the main conclusions from Chapters 4 and
5, which describe the quantification and modeling of the emulsion structural properties and the
sensory attributes. The last section summarizes the conclusions from Chapter 6.

7.1.1 Prediction of droplet size distributions

This work demonstrated that when the number of compartments is increased from one to four
the predictive capability increases by 65 %. To have predictive control over the droplet size
distribution in any emulsification equipment the hydrodynamic features of the emulsion flow
are of importance. Therefore, a one way coupling between CFD and population balances could
be beneficial for dilute emulsions. However, the computational load is very high and direct
coupling is physically questionable for geometries where the droplet size is equal or larger than
the confined geometry. A good alternative is to define compartments in the regions of high energy
dissipation and to solve population balances for those regions.

For dense emulsions where the dispersed phase fraction is increased across the maximum packing
limit, the droplet size distribution strongly influences the rheological behavior of the system and
a one-way coupling is not realistic anymore. The approach presented in this thesis delivered a
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computationally feasible two-way coupling where the emulsion flow affected the droplet breakup
and coalescence rates and in turn the droplet size distribution determined the emulsion viscosity.
This could be achieved by a one dimensional population balance integrated over the shaft-length
of the mixer, i.e. the colloid mill. At every discretized step the droplet size distribution and
the mean-field emulsion viscosity were calculated. The usage of CFD became superfluous, due
to a laminar shear flow in the azimuthal direction in the mixing zone. Then a single parameter
was required to describe the flow. Hence making this approach feasible for optimization studies.
This ensured a constant deformation rate for all droplets at every discretized length step. The
approach delivered an average prediction accuracy of 40 % of the Sauter mean droplet diameter
for mayonnaise production at a pilot scale facility.

The prediction of the droplet size distribution requires knowledge of the hydrodynamic condi-
tions inside the mixer and the material behavior at the prevailing deformation rates. For non-
Newtonian fluids such as high internal phase emulsions, measurements of the viscosity at high
shear rates were needed. The method to determine the viscosity at high shear rates is capillary
viscometry. Reproducible flow curves can be obtained in the capillary viscometer up to the crit-
ical capillary number. When the critical capillary number of the emulsions was exceeded the
maximum droplet size changed and the emulsion structure was irreversibly altered. The data
from the capillary rheometer must be corrected for pressure losses, slip at the wall and the shear
thinning character of the material. These corrections are a requisite to obtain the absolute macro-
scopic viscosity data at high shear rates which is needed for the mean field approach.

7.1.2 Emulsion structure and sensory attributes

Penetrometry analysis of mayonnaises and other non-Newtonian liquids delivers useful param-
eters which correlate well with both the rheological variables and the sensory attributes. The
penetrometer is a non invasive devise which does not require any sample pretreatment. Sam-
ple handling of thixotropic materials, especially for food products, leads to structure breakdown
before the actual measurement. Sample pretreatment was found necessary to correlate the pen-
etrometry results to conventional rheometry data. The probe attached to the penetrometer was a
grid consisting of woven metal cylinders. The irregular shaped probe did not allow calculation
of the stresses from the drag force exactly. Therefore an empirical parameter with the dimension
square meter was defined to estimate the yield stresses of several fluids including thixotropic liq-
uids. This approach delivered an average error of 17 %. The flow index of shear thinning liquids
can be determined from the flow curves of a penetrometer with an accuracy of 15 % compared to
conventional rheometry. A 2d-simulation of flow around a cylinder with periodic boundary con-
ditions generated a superimposed curve for the various Herschel-Bulkley liquids. However, the
experimental data did not align as good as the CFD simulation (R2 = 0.83 versus R2 = 1.00). It is
now possible to estimate the drag force on a grid moving through mayonnaise from its Herschel-
Bulkley parameters, which are in turn correlated to the dispersed phase fraction and the droplet
size distribution.

A successful correlation was obtained between a collection of physicochemical product prop-
erties and sensory attributes related to mouth feel. The physicochemical properties were the
variables describing the rheology, micro-structure, appearance and chemicals in the head space.
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A selection was made from a range of statistical models. All models had a multiple input multi-
ple output structure. The small neural networks perform the best on a k-fold cross validation test.
The k-fold cross validation procedure gave an average error of 10 % for all mouth feel attributes.
The ANN2 model (the artificial neural network with 2 neurons in the hidden layer) was able to
reproduce three out of four trends from an external dataset. The prediction of the attributes from
the other categories (taste, odor and appearance) was less successful. This can be ascribed to the
lack of explanatory input variables.

All models throughout this thesis were required to incorporate freely adjustable parameters, from
the population balance equations in Chapter 2 to the artificial neural network models in Chapter
5. For both the mechanistic and the statistical models it was shown that the number of free param-
eters increased the accuracy but at the expense of the predictive ability of the model. Validation
data sets were indispensable to quantify the true performance of the model.

7.1.3 Optimization of the mayonnaise recipe

Chapter 6 demonstrated that it was possible to model the sensory response with respect to mouth
feel attributes from ingredient mass fractions and processing decisions for mayonnaise manu-
facturing. Therefore, a mathematical framework was constructed which quantified the effects of
ingredient ratios and processing on the micro-structure of mayonnaise. The mathematical frame-
work also included the relation between the micro-structure and the macroscopic properties on
the one hand and the sensory response to the physicochemical product properties on the other
hand. The framework could assist in the product development of mayonnaises and gave an es-
timate for the sensory profile of mayonnaise if certain operational settings and ingredient ratios
were chosen.

Sensitivity analysis (SA) was proven to be a useful tool to map the influences of the input vari-
ables (listed in Table 6.2) with respect to the sensory response. This SA gives the product de-
veloper a best guess where to look if a certain sensory attribute should be changed. Does he/she
need to change the recipe or can he manipulate the operational settings? Or is the best strategy a
combination of both? The SA demonstrated clearly that this depends on the specific attributes.

Optimization of a particular sensory attribute with the mathematical framework generates a the-
oretical mayonnaise with a recipe and operational settings for production in a pilot plant. Case
study 1 involved the optimization of mayonnaise creaminess scores while fixing the oil fraction
to a minimal value of 0.65 w/w. According to the optimization the creaminess scores of may-
onnaise containing 0.65 w/w oil could be increased by 16%. The objective of case study 2 was
to maximize the production rate without affecting the sensory profile of mayonnaise too much.
The base case was the optimization of case study 1, only now the flow rate was increased from
15 kg h−1 to a maximum of 75 kg h−1. It appeared that the Mouth feel attributes changed by less
than 5 % and mayonnaise creaminess decreased only by 3 %. Many more optimization studies
are possible and even multi-objective optimization should be feasible.

Chapter 6 presented a versatile framework which integrated many of the relations and corre-
lations obtained in the previous chapters. The framework was constructed for densely packed
emulsions having a dispersed phase fraction larger than the packing limit for suspensions. There
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are many emulsified consumer goods with a much lower dispersed phase fraction, e.g light may-
onnaises. Then the quantification of the continuous phase rheology from the ingredient fractions
and processing becomes important. Nonetheless, this thesis demonstrated that a big step towards
the optimization of emulsified consumer goods was made.

7.2 Outlook

7.2.1 Population balance modeling

Population balance equations are expected to remain the tool for modeling lab- to production
scale emulsification processes. The population balance formulation involves sub-models for
the droplet breakup and coalescence events during emulsification. The models for the droplet
breakup rate require correlations for the droplet breakup time and probability, the number of
fragments obtained after a single droplet breakup and the resulting fragment size distribution. To
improve the predictive abilities of the population balance tool better correlations are required.

So far correlations have been implemented in the population balance equations which were based
on experiments where the deformation and breakage of a single droplet was monitored. How-
ever, the reality is that the droplets in emulsions are interacting, especially for high internal phase
emulsions where the interfaces are in direct contact with each other. Observing the history of a
single droplet in such systems is practically impossible. An alternative approach provided by
Kaur and Leal (2010) allows observation of single droplet breakup in a continuous medium con-
taining solid spheres. The solid particles were used to imitate particle-particle interactions during
droplet breakup. Other experimental setups are also imaginable from which droplet breakup cri-
teria could be extracted. In principle, numerical simulations of neighboring droplets breaking
up in a simple shear flow could also provide the correlations needed in the population balance
equations. This has, to the best of the authors knowledge not been attempted yet. On the other
hand, the breakage of one droplet in a single phase medium was numerically simulated and val-
idated e.g. by Li et al. (2000) and Xi and Duncan (1999). The transition from simulating the
fragmentation of a single droplet to multiple droplets poses new computational challenges.

7.2.2 Computational fluid dynamics

The flow in the colloid mill was assumed to be simple shear. Then a one dimensional equation
was sufficient to describe the flow inside the mixer. However, many industrial emulsification
devices do not operate in the laminar regime. Industrial mixers have in general more complex
geometries, with rotating teeth, slits or grooves for example. In these mixers, it becomes more
difficult to estimate the stresses which are responsible for droplet breakup. Computational Fluid
Dynamics or CFD can calculate with great detail the flow inside any mixer and hence the local
stresses. CFD is already computationally very demanding for simulation of single phase flow
through 3 dimensional geometries. The results do not always correspond well with those of lab
experiments. Especially for multiphase flow CFD is far more challenging and computationally
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exhaustive. On a micro scale CFD has proven to be able to handle two phase fluid flow, see
the section above, but the simulation of multiple interacting phases in an industrial scale mixer
remains out of reach. Therefore, the mean-field viscosity approach, i.e. averaging over the phases
and quantifying the macroscopic fluid behavior, is expected to continue to be the input for CFD
simulations of emulsification processes.

Many consumer products such as creams and pastes behave non-Newtonian in which the product
viscosity depends on the deformation rate and duration. Even the type of deformation, i.e. shear,
elongation or a combination of both, has an influence on the material viscosity. In Chapter 4 it
has been demonstrated that equilibrium fluid behavior captured by a Herschel-Bulkley or Power-
law model can give a reasonable estimation with CFD. However, a CFD simulation can only be
as good as the constitutive equation describing the rheological behavior of the fluid. To improve
the predictions a full characterization of the liquid is required including time dependent behavior
with a thixotropic model. Moreover, extensional rheology should complement the description
of the flow of non-Newtonian fluids. This point has been addressed very recently by Zinchenko
and Davis (2015) who have studied three types of flow for concentrated emulsions: shear, planar
extension and a combination. These authors developed a numerical approach to incorporate the
different flow types.

7.2.3 Uncertainty

Optimization of a desired product attribute by making changes in the recipe requires a mathe-
matical model which relates the control variables to the desired responses as was stated in the
introduction. Any prediction made by any mathematical model contains a degree of uncertainty.
There are many types of uncertainty introduced by applying mathematical modeling. Firstly,
there is the model error which is the average deviation between the model prediction and the
true value. Secondly, the data on which the models are build have a degree of uncertainty. This
uncertainty could be the result of many factors such as the accuracy of the measurement tools or
human errors. And finally there is the uncertainty in the model parameters. In a recent review
by Perrot et al. (2011) it has been stated that uncertainty in process optimization especially for
the food industry is crucial for decision making and they advocate that uncertainty management
should become indispensable.

Throughout the thesis the different types of uncertainty were reported. However, the possible
accumulation of the uncertainty by model integration has not been studied. Sensitivity analysis
in the form of e.g. Monte Carlo simulations allow for quantification of the accumulated uncer-
tainty (Datta, 2008). Unfortunately the calculation times prohibit the application of a sensitivity
analysis on all model parameters in the mathematical framework.

7.2.4 Low oil mayonnaises and other products

This thesis provided a methodology for the optimization of emulsified consumer goods with
respect to the mouth feel attributes. In particular, it described the optimization of the sensory
attributes for mayonnaises with an oil fraction of more than 65 %. However, extending the
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model to more dilute emulsions such as low oil mayonnaises should be relatively straightforward
where most of the physical chemistry and hence the mathematical functions need little adapta-
tion. In principle, the mean-field viscosity approach should work for more dilute emulsions as
well. However, the rheology will be mostly dominated by the continuous phase and the droplet-
droplet interactions change. In the production of light mayonnaises additional processing steps
are required to build up the structure of the aqueous phase by, e.g. starch cooking or fiber activa-
tion. The mathematical framework should be extended with processing models for estimation of
the continuous phase rheology to be able to include the prediction of physicochemical properties
for low oil mayonnaises.

The neural network models already included estimations of the sensory scores over the whole
range of oil fractions for mayonnaises. Therefore the parameters do not need to be refitted for
inclusion of light mayonnaises. For other emulsified products the attributes will be redefined and
new sensory models should be implemented. Ideally, the relationship between the physicochem-
ical properties and the sensory attributes should be described by a mechanistic model. Then the
physical and chemical interactions of the product in the mouth become evident (Norton et al.,
2006). It has already been demonstrated that in-mouth behavior of the emulsion product plays a
crucial role for the sensory perception (van Aken et al., 2007). In fact, the mouth can be regarded
as a final processing step of the product where the structure is broken down by mastication, the
emulsion is diluted with saliva and aromas are being released.

A highly extensible framework was presented in this thesis which aims at the mathematical op-
timization of the sensory perception of emulsified products. In principle, the approach presented
in Figure 1.1 is applicable to any consumer product. The mathematical framework is a tool for
the product developer which enables him or her to make faster decisions, limiting experimental
resources and exploring new routes to manufacture a product by either changing the ingredient
composition, the operational settings or both.

134



A Algebraic Model for the Jet Length in a
Radial Diffuser

A.1 Introduction

The high pressure homogenizer used in the emulsification experiments is a type of radial diffuser.
The emulsion is entering from the bottom along the main axis. The emulsion hits a solid impact
head and spreads out through the narrow gap in the radial direction, see Figure A.1. In this text
an algebraic equation is derived which predicts the length of the jet coming out of the narrow
gap. In this geometry the jet is spreading out radially.

Figure A.1: The 3-dimensional geometry of the turbulent jet in a radial diffuser, the product is entering
from the bottom

Algebraic models can be found in literature for planar and round jets, see the figure below. The
jets described here are so-called free shear flows, meaning: the turbulent jet originating from a
small opening is not influenced by solid surfaces above or below the jet. Empirical observations
of jets are that at approximately a distance >30δ0 the jet has a self-similar structure (Davidson,
2006). The structure of the jet appears to depend mainly on the local jet speed and width. It does
not depend on the particularities of the nozzle from which the jet originates. Then the width of
the jet can be described by

δ(x) = δ0+αx (A.1a)
δ(z) = δ0+αz (A.1b)

135



Appendix A. Algebraic Model for the Jet Length in a Radial Diffuser

Figure A.2: The 3-dimensional geometries of the planar and the round jets

Where δ0 is the jet width from the point were the jet becomes self-similar, at that particular point
both x and z are zero. It is observed that a jet grows linearly with a constant growth rate, α . For
planar jets α ∼ 0.42 and for round jets α ∼ 0.43, giving a semi-angle of about 12°. The center-line
speed of the jets are given by

u0

V0
= (1+ αx

δ0
)
−1/2

(A.2a)

u0

V0
= (1+ αz

δ0
)
−1

(A.2b)

where u0 is the center-line jet speed and V0 is the center-line speed at the start of the self similar
jet. It can be seen that a round jet dies out sooner than a planar jet. The models are derived
from the Reynolds Averaged Navier Stokes (RANS) equation. They are surprisingly accurate
descriptions of turbulent jets. The planar jet resembles the homogenizer jet the most because
both are coming out of a slit. However, the radially spreading jet is expected to die out sooner
than the planar jet. Therefore an equation for the jet length in a radial diffuser is derived from the
RANS equation using similar arguments as for the derivations of the planar and round jets found
in most text books.

A.2 Derivation of the cylindrical jet equation

The starting point is the Reynolds Averaged Navier Stokes equation. 2-dimensional time inde-
pendent RANS equations are given here in polar coordinates, also the viscous effects are ne-
glected (ν = 0) because we are dealing with turbulent flows.

ρu ⋅∇ur = −
∂ p
∂ r

−[1
r

∂ rτ
R
rr

∂ r
+ ∂τ

R
rz

∂ z
] (A.3a)

ρu ⋅∇uz = −
∂ p
∂ z

−[1
r

∂ rτ
R
zr

∂ r
+ ∂τ

R
zz

∂ z
] (A.3b)

in which τ
R
i j are the Reynolds stresses. The continuity equation in polar coordinates then reads

∇⋅u = 1
r

∂

∂ r
(rur)+

∂uz

∂ z
= 0 (A.4)
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A.2. DERIVATION OF THE CYLINDRICAL JET EQUATION

Two important simplifications are now introduced which allowed for the derivation of equations
A.1a, A.1b, A.2a and A.2b.

1. Radial gradients in the Reynolds stresses, ∂τ
R
i j/∂ r, are much smaller than transverse gra-

dients

2. The transverse component of the mean inertia term is negligible

Then the equations of motion simplify to

ρu ⋅∇ur = −
∂ p
∂ r

− ∂τ
R
rz

∂ z
(A.5a)

0 = −∂ p
∂ z

− ∂τ
R
zz

∂ z
(A.5b)

Integrating the second gives

p+τ
R
zz = p∞ (r) (A.6)

where p∞ is the pressure far away from the jet. It follows that the pressure is a function of the
radial coordinate only and to the same extend the Reynolds stress depends on the radial coor-
dinate. Because the radial gradient of the Reynolds stresses were assumed negligible compared
to the transverse then the pressure gradient in the radial direction becomes negligible. Equation
A.5a now simplifies to,

ρu ⋅∇ur = −
∂τ

R
rz

∂ z
. (A.7)

Expanding the convection terms in combination with the continuity equation gives the momen-
tum equation for a cylindrical jet

1
r

∂ rρu2
r

∂ r
+ ∂ρuruz

∂ z
= −∂τ

R
rz

∂ z
. (A.8)

Now equation A.8 is integrated from z = −∞ to z = +∞. The Reynolds stresses far above and
below the jet are zero, because there is no turbulence. The fluid velocity in the radial and axial
direction are also zero. The result of the integration is given here

M = ∫
∞

−∞

rρu2
r dz = constant. (A.9)

This equation tells us that the momentum flux in a jet is conserved. The mass flux, however,
is not conserved. Parts of fluid are dragged into the jet making it larger. This process is called
entrainment. The mass flux is given by

ṁ = 2πr∫
∞

−∞

ρurdy (A.10)

Now the self-similarity condition is introduced as follows

ur

u0
= f (z/δ (r)) = f (η) (A.11)
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in which u0 is the center-line jet speed. The scaling by the self-similarity condition is applied to
equations A.9 and A.10.

M = rρu2
0δ ∫

∞

−∞

f 2dη = constant (A.12)

ṁ = 2πrρu0δ ∫
∞

−∞

f dη (A.13)

Because the momentum flux is conserved in the jet the following equality must hold.

ru2
0δ = r0V 2

0 δ0 (A.14)

The rate of entrainment determines the size of the jet. It is assumed that entrainment rate is
proportional to the local velocity fluctuations. Which are in turn proportional to the mean velocity
of the jet. Based on dimensional grounds the entrainment rate can be expressed as follows

dṁ
dr

= α2πrρu0∫
∞

0
f dη (A.15)

Here α is a constant called the entrainment coefficient. The differential equation A.15 is now
rewritten

d (ru0δ)
dr

= 1
2

αru0. (A.16)

Finally equations A.14 and A.16 can be solved to give the center-line jet velocity and the jet
width.

u0

V0
= (1+ α

2
( r2− r2

0

r0δ0
))

−1/2

(A.17)

δ = δ0r0

r
+ α

2
( r2− r2

0

r
) (A.18)

A.3 Discussion

Equation A.17 and A.18 characterize the jet which is propagating in a radial direction. The
length of the jet can be estimated from equation A.17 for example at 10 % of the initial jet speed.
Indeed, it appears from equation A.17 that a cylindrical jet dies out sooner than a planar jet.

Round and planar jets have been studied extensively. The growth rate of these jets was found to
be linear. The entrainment coefficient was obtained by measuring the semi-angle of the planar
and round jets. They both appear to have the same value. For that reason the same entrain-
ment coefficient was used for the radial diffuser. Then from equation A.18 an almost constant
growth rate was obtained, with a semi-angle of ∼ 11°, depending slightly on the nozzle geom-
etry. Another approach would be to measure the semi-angle in an experiment and to determine
the entrainment coefficient for a radial diffuser.
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A.3. DISCUSSION

The high pressure homogenizer used in the emulsification experiments does have solid surfaces
above and below the spreading jet. Therefore the assumptions which apply to free shear flows
are questionable for the high pressure homogenizer jet. The walls could have an influence on the
development of the jet. As a consequence, equations A.17 and A.18 will not match as good as
for the planar and round jet cases, and therefor will only serve as rough estimates.
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B Measurement protocol oscillatory
rheology

The measurement of the parameters describing the oscillatory rheology of mayonnaise was per-
formed with the Advanced Rheometer of TA Instruments (TA AR1000) at 20 ○C. The rheometer
was equipped with parallel plates of 4 cm in diameter having sand blasted surfaces. An oscilla-
tory stress sweep was performed; meaning at a fixed frequency of 1 Hz the stress was increased
from 0.01 Pa to 100 Pa. The result of a stress sweep of a mayonnaise is displayed in Figure B.1.
The point of the intersection between the elastic modulus and the viscous modulus is denoted as
the critical point. The linear viscoelastic region is the area up to ∼0.01 % strain, here both moduli
are constant with an increase of the amplitude (stress or strain).
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Figure B.1: Example of an oscillatory stress or strain sweep at 1 Hz of a mayonnaise
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