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ABSTRACT
Following a review of multiscale simulation methodology, and previous examples of multiscale models from
food science, we present our multiscale simulation framework MULTI3 (MULTICUBED), which is developed
especially with food structuring processes in mind. This framework acknowledges the multiphase, multiphysics
and multiscale nature of food structuring. The MULTICUBED framework assumes models at three scales: the
molecular microscale, the mesoscale of the food structure, and the macroscale of food products and processing
equipment. We propose the appropriate simulation methods for the various scales, and also discuss the required
coupling between the scales in our framework. From our literature review we propagate the use of the Scale
Separation Map as a tool to determine the required type of coupling between scales. Furthermore, we present
a decision tree to aid the food science modeller choosing the right type of coupling between scales.

1. Introduction
In this paper, we present a simulation framework for multiscalemultiphysics problems in food processing, such as food structuring
processes. It is acknowledged that many food materials are dispersed
systems, such as foams, emulsions, suspensions, and gels (Aguilera,
2005; Mezzenga, Schurtenberger, Burbidge, & Michel, 2005; Tolstoguzov, 2000; van der Sman & van Der Goot, 2009). These food structures
are created by driving the system far from equilibrium via intensive
input of mechanical and/or thermal energy. To obtain shelf-stable
products the created structures have to be stabilized, which is achieved
via a jamming transition, i.e. via bringing the continuous phase in
either a gelled or glassy state. This requires removal of the internal
energy and/or moisture from the food material (Ubbink, Burbidge, &
Mezzenga, 2008; van der Sman & Broeze, 2013; van der Sman & van
Der Goot, 2009).
The food structuring process is an interplay between various scales
(Ho et al., 2013; van der Sman & Broeze, 2014b). For the induction of
dispersed phases processes at the molecular scale are important, such as
the nucleation during phase transition, or stabilization of droplets and
bubbles with emulsifiers—which will hinder coalescence of these dispersed phases. The growth and sizing of the dispersed phase take place
at the so-called mesoscale level, where fluid flow and mass transfer are
the dominant physical processes. The largest scale is the macroscale
of the food product and/or processing equipment. At this level, the
external fields are generated for the intensive input of thermal and/or
mechanical energy (Datta, 2007). Also at this level, the conditions
are created for the removal of internal energy and excess moisture
after the creation of the food structure. One can say that processing
of (structured) foods is a multiscale problem.

As already illustrated above, various physical transport phenomena
are happening concurrently during food structuring processes. There is
simultaneous transport of energy, momentum, and mass. Energy can
also be supplied via electromagnetic fields like microwaves (Datta,
2007). Phase transitions and removal of moisture are accompanied
by mechanical deformations of the matrix (van der Sman & Broeze,
2014b). These physical processes are often strongly coupled (Rakesh &
Datta, 2013). Dissipation of electromagnetic and hydrodynamic fields
generates heat. The evolving microstructure modifies the transport
coefficients for energy, momentum, and mass. The intense supply of energy induces phase transitions, which will create novel microstructures—
which grow via mass transport. Mechanical deformation changes the
gradients for energy and mass transport. One can also say that processing of (structured) foods is a multiphysics problem (Datta, 2008).
We have argued that food material processing is a multiscale,
multiphysics problem. We view that understanding of this inherently
complex problem can greatly be enhanced by the application of the
current trend in computational physics, namely that of multiscalemultiphysics simulations (Chopard, Falcone, Hoekstra, & Borgdorff,
2011; Röhrle, 2010; Xia, Opron, & Wei, 2013). In this paper, we will
portray the architecture of such a simulation methodology, which is
developed for applications, where the evolution of food structure is
of interest. In these applications the food material is driven far from
equilibrium. Thus, the framework is not intended to cover all possible
problems in food science.
In a previous review paper on multiscale simulations in food (Ho
et al., 2013), these types of simulations are presented as a means to
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obtain materials properties to be used at the macroscale. This is realized
via a certain class of multiscale simulations, so-called micro–macro
simulations, with serial coupling. Prediction of material properties is
not perse the focus of the multiscale framework presented in this paper,
which is more focused on the microstructural evolution. Obtaining
material properties we view as a separate problem, which also has a
strongly experimental component. Multiscale simulations can help in
verifying models for material properties, as the physics and the problem
of constitutive relations is more simple or better known at the smaller
scale.
There is a class of problems, where self-assembly of molecules or
colloids is of interest. Here, the physics is more close to equilibrium,
and the interactions are dominated by entropy. In order to simulate
these entropy-driven phenomena one requires simulation methods that
inherently treat thermal fluctuations, like Molecular Dynamics for the
molecular scale, and Brownian Dynamics, Dissipative Particle Dynamics or Multi-Particle Collision Dynamics at the mesoscale. Because of
our choice for applications far-from-equilibrium, we withhold ourselves
from detailed review of multiscale simulation of entropy-driven phenomena. For that, we refer the reader to the following existing review
papers (Ettelaie, 2003; Euston, 2013; Fries, 2021; Howard, Nikoubashman, & Palmer, 2019; Limbach & Kremer, 2006; Nguyen, Guiga, &
Vitrac, 2016; Pink & Razul, 2014; Vitrac, Nguyen, & Hayert, 2022).
A convenient parameter to determine the importance of fluctuations is
the ratio 𝑈 ∕𝑘𝑇 , with 𝑈 the energy associated with the driving force.
For example for shear-driven flow this ratio equals the Peclet number:
𝑃 𝑒 = 𝜂𝑒𝑓 𝑓 𝛾𝑉
̇ 𝑝 ∕𝑘𝑇 , with 𝜂𝑒𝑓 𝑓 the effective viscosity (which can depend
on shear rate and volume fraction of dispersed phase), 𝛾̇ the shear rate,
and 𝑉𝑝 the volume of the dispersed colloids/molecule.
The simulation framework for food structuring processing, we have
coined MULTI3 (MULTI-CUBED), as food is a multiphase material, with
strong multiscale and multiphysics coupling. As discussed above, MULTI3
is especially intended for applications where 𝑈 ∕𝑘𝑇 ≫ 1. Furthermore,
we will assume that the molecular scale does not have to be resolved
explicitly, and a thermodynamic description suffices. Hence, we are
especially concerned about multiscale coupling between the mesoscale
of food structure, and the macroscale of the food product—where
the driving forces are applied via the processing equipment. Over
the last years our group has been developing mesoscale models and
thermodynamic theories, that are viewed as essential building blocks
for the MULTI3 architecture (Kromkamp, van den Ende, Kandhai, van
der Sman, & Boom, 2006; van der Graaf, Nisisako, Schroen, van der
Sman, & Boom, 2006; van der Sman, 2016; van der Sman & van der
Graaf, 2006; van der Sman & Meinders, 2011). However for multiscale
simulations, the mesoscale models have to be complemented with
appropriate macroscale models and appropriate couplings between the
scales.
The architecture of the MULTI-CUBED simulation methodology will
be synthesized after a review of multiscale methodologies and a series
of multiscale models, which have been investigated in food science.
We will illustrate the multiscale and multiphysics couplings via a Scale
Separation Map (SSM). The SSM is a convenient tool developed in the
field of computational physics, and in particular, for the multiscale
simulation methodology of Multiscale Model Simulation Framework
(MMSF) (Hoekstra, Falcone, Caiazzo, & Chopard, 2008). Earlier, we
have used the SSM for the design of a multiscale simulation model
for the expansion of snacks (van der Sman & Broeze, 2014b). Next
to the presentation of the MULTI3 framework, to service multiscale
applications outside the scope of our framework, we will present a
decision tree for selection of the appropriate multiscale coupling.

Fig. 1. Classification of multiphysics models, according to attributes of Fields, Domains
and Scales, cf. Michopoulos, Farhat, and Fish (2005).

the methodology (Hoekstra et al., 2008; Ingram, Cameron, & Hangos,
2004; Michopoulos et al., 2005; Scheibe et al., 2015; Tong, He, & Tao,
2019). A good introduction to concepts is given in Ref. Michopoulos
et al. (2005). Any multiphysics model can be characterized by three
independent attributes, which are the number of fields, the number
of computational domains, and the number of scales. These attributes
can have the value of one (single), or many (multi). These attributes
are largely synonymous with multiphysics, multiphase, and multiscale
from the MultiCUBED framework. This classification of models can
conveniently be depicted through a cube, as reproduced in Fig. 1.
The concept paper of Michopoulos et al. (2005) assumes that each
multiscale/multiphysics model consists of a collection of coupled single
models, with each one following constitutive field theory. This theory
states that each field is governed by a conservation law, of either
charge, mass, momentum, or energy. The conservation laws have to
be supplemented with a flux law, relating the flux of the conserved
quantity to the gradient of one or more thermodynamic potentials, as
follows from the Onsager relations of non-equilibrium thermodynamics. The proportionality factors are material properties, which can be
tensorial, and they can depend on the values of multiple fields. The
material property follows a constitutive relation. The concerning fields
are often conserved quantities 𝑄. A generalized balance equation for
the field 𝑄 has the following form (Ingram et al., 2004; Michopoulos
et al., 2005):
𝜕𝑡 𝑄 + ∇ ⋅ 𝑄𝐮 = ∇ ⋅ 𝐽𝑄 + 𝑆𝑄

(1)

with 𝐮 a velocity field convecting 𝑄, the dissipative flux is 𝐽𝑄 =
−𝐿𝑄 ∇𝜇, which is due to the gradient in the thermodynamic potential
𝜇 and the source term 𝑆𝑄 . We note, that the above generalized balance
equation holds for the framework of Michopoulos et al. (2005), but
it is not presumed for MULTI3 . In our framework we will also allow
for Eulerian/Lagrangian descriptions at the mesoscale. Yet, Michopoulos framework defines the concepts, which can be used for coupling
between scales (scales bridging).
In a thermodynamic consistent formulation, the thermodynamic
potentials are derived from a single thermodynamic functional like the
free energy density. Constitutive field theory from the classical work of
Coleman and Noll (1963) and Truesdell and Toupin (1960) is well
developed for mixtures by Bowen (1967). The mixture theory gives
also a good definition of a multiphase material (Meroi, Natali, &
Schrefler, 1999). Each phase is considered chemically homogeneous,
that occupies a distinct region with a well-defined physical boundary.
A complex material like food has multiple phases, which can be viewed

2. Multiscale simulation frameworks
2.1. Review of multiscale methodology
Despite the huge growth of the number of scientific papers on multiscale and multiphysics modelling, there are only a very few papers on
2
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relevant microstructure at the fine-scale. Nowadays the REV can be
obtained via 3-D imaging techniques like X-ray tomography (Al-Raoush
& Papadopoulos, 2010). But, one can also assume a periodic unit cell,
with a simplified representation of the microstructure.
For a REV with a complex microstructure, one cannot derive analytical constitutive relations, and the coarse-scale model has to invoke finescale simulations. This type of coupling has been named equation free,
because of the absence of explicit constitutive relations (Kevrekidis,
Gear, & Hummer, 2004). There are classes of problems where a REV
cannot be defined, either globally or in certain regions. Consequently,
one cannot apply serial coupling for these types of problems. Often, the
invocation of fine-scale simulations is only needed in certain regions of
interest (ROI), which are subject to large changes in microstructure.
These problems require concurrent coupling with two-way information
flow (Ingram et al., 2004). The coarse-scale model sets the initial and
boundary conditions and computation time for the fine-scale, and from
the fine-scale simulations variables are computed, which are required
for the (constitutive) relations at the coarse-scale. The two-way information exchange requires reconstruction and compression, to account
for the differences in spatial resolution between small and larger scale
simulators (Tong et al., 2019).
Indeed, it has been learned that homogenization fails if there is no
clear separation of time scales between the mesoscale and macroscale
(Perré, 2007, 2010). In case of poor separation of time scale, the
often implied assumption of local thermodynamic equilibrium between
phases at the mesoscale also fails. In these cases, multiscale models
need to invoke coupling of type III, which is a scale bridging via concurrent coupling, where the macroscale model invokes the mesoscale
model at every time step. Effectively, the mesoscale model performs
the homogenization step numerically. In recent years, one has applied
machine learning as alternative to numerical homogenization (Gunasegaram et al., 2021; Kovachki et al., 2022). From the coarse to
fine-scale values of potential or field variables and their gradients are
communicated, which often determine the boundary conditions at the
finer scale. From the fine-scale computations, quantities are determined
which are required for constitutive relations at the coarse-scale. The
mesoscale model can be invoked only in regions of interest (ROI),
where there is indeed an overlap of time scales between mesoscale and
macroscale. In regions, outside the ROI where is local thermodynamic
equilibrium, results from the mathematical homogenization procedure
can be used, and the mesoscale model does not have to be invoked.
In coupling type I there is a separation of time scales only. For this
coupling, one can apply the simulation strategy of time splitting, where
one iterates over the fast processes until a quasi-steady state is reached
within one time step of the slow process. For example, this approach is
applied to transient natural convection in cavities filled with a porous
medium, Chourasia and Goswami (2006), Laguerre, Benamara, Remy,
and Flick (2009), Vafai and Tien (1989) and van der Sman (1997).
In the classical micro–macro-coupling, physical processes at the
finer have faster time scales than physical processes at the coarser
scale. However, for biological systems it can be the reverse, namely
the faster physical processes act on the larger scale, while the slower
biological processes act on the smaller cellular scale. This is the last
type of coupling, as illustrated by coupling IV in Fig. 2. Also, for food
materials and soft matter, there can be slow processes at the smaller
length scales, like the structural relaxation processes near the glass or
jamming transition. To simulate systems at these slow time scales, one
needs to filter the fast (physical) processes from the coarser scale.
The characteristic time and length scale 𝜏 and 𝜆 of a particular
physical process can be derived via applying formal scale analysis to
their governing equation (Deen, 1998). Also, this mathematical tool
follows whether problems constitute a boundary layer problem (van
der Sman & Vollebregt, 2013), to which model reduction techniques
can be applied. Also for other problems model reduction techniques
can be applied. For problems at the fastest time scales, one can often
use steady-state solvers, which require only boundary conditions and

as immiscible (phase-separated) from a thermodynamic point of view.
Due to the immiscibility, the interface between phases has some energy content, i.e. the surface free energy. The prototypical example
of a multiphase material is a porous medium, which can have fluid
and solid phases, with the solid impenetrable to fluids. Much of the
mixture theories have been developed for porous media (Bennethum &
Cushman, 1996a, 1996b; Hassanizadeh & Gray, 1979a, 1979b, 1980).
In mixture theory, the second law of thermodynamics plays a central
role. It is said to create greater flexibility in constructing constitutive
equations. However, other groups have argued that incorporation of
the second law of thermodynamics makes the constitutive field theory
overdetermined, and thus it is not required. Furthermore, the second
law also does not provide any means of how to construct constitutive
equations from the smaller scales (Michopoulos et al., 2005; Vitrac
et al., 2022). If the thermodynamic potentials are derived from a free
energy functional, the second law of thermodynamics is automatically
adhered (Anderson, McFadden, & Wheeler, 1998).
The solution of a physical model requires for each conserved field:
(a) initial conditions, and (b) boundary conditions. Initial conditions
hold the initial values of the conserved fields over the complete computational domain. The boundary conditions hold at the boundaries of
the computational domains and can be formulated in terms of values of
the thermodynamic potential (cf. Dirichlet), the flux of the conserved
quantity (cf. von Neumann), or a combination of them (cf. Robin
boundary conditions).
To solve a multiphysics-multiscale problem one needs to couple
the numerical solvers for the various field equations. One of the few
theoretical frameworks, which formally describe these couplings is
the Multiscale Model Simulation Framework (MMSF) (Hoekstra et al.,
2008), which expands on the earlier work by Ingram et al. (2004). The
MMSF framework assumes a collection of solvers, each dedicated to a
particular physics and domain. These solvers can be characterized by
time and length scales of the physical process and domain, 𝜏 and 𝜆,
and the resolution of time and space discretization 𝛥𝑡 and 𝛥𝑥. These
numbers can be viewed as the minimal and maximal time and length
scales addressed by the particular solver.
To gain insight into the required couplings the MMSF framework
proposes to generate a Scale Separation Map (SSM) (Hoekstra, Lorenz,
Falcone, & Chopard, 2007). For each physical process, one estimates
the extent of the spatiotemporal domain, i.e. the parameters 𝜏 𝜆, 𝛥𝑡, and
𝛥𝑥. These spatiotemporal domains are plotted as rectangles in the SSM,
which has time and space as coordinates. The coupling between solvers
depends on the overlap of their spatial and/or temporal scales. Four
Coupling Templates are distinguished, which are depicted in Fig. 2.
If the spatiotemporal domains in the SSM overlap, as in coupling 0
in Fig. 2, the submodels have to be solved simultaneously as in classical
multiphysics problems. The MMSF framework does not explicitly deal
with this type of coupling, which can be viewed as an omission, as other
studies state the importance of multiphysics coupling (Gaston, Newman, Hansen, & Lebrun-Grandie, 2009; Keyes et al., 2013; Novascone,
Spencer, Hales, & Williamson, 2015). Below, we will discuss this type
of coupling in more detail. But, first, we describe the types of coupling
with separation in time and/or space, as discussed in MMSF.
If both spatial and time length scales are fully separated, as in
coupling II of Fig. 2, one speaks of the classical micro–macro coupling.
Often in literature, one associates only this type of coupling to multiscale simulation. The full separation of scales allows for serial coupling,
where computations at the finer scales can be performed independently
of coarse-scale computations (Ingram et al., 2004). Information flow
is only one-way. Via fine-scale computations, one strives to establish
constitutive relations, which are used in the coarser scale. In many
cases, these constitutive relations can be derived via mathematical
methods such as homogenization and volume averaging (Davit et al.,
2013), but recently also computational homogenization methods have
been developed too. It is assumed that the fine-scale can be represented
via a Representative Elementary Volume (REV), which captures all
3
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Fig. 2. Possible couplings (0-IV) between submodels in multiscale simulations, depicted in the Scale Separation Map. These different couplings are discussed in the text.

a governing equation for the spatial distribution of the field. Furthermore, for problems with small spatial gradients the field equation can
be integrated using Gauss theorem, converting it to an ODE (van der
Sman, 2008).
For problems with multiphysics coupling (of type 0 with overlapping spatiotemporal domains), there exist several choices concerning
the numerical solution strategy (Novascone et al., 2015). One can solve
it either loosely or tightly coupled.
A very similar framework as MMSF is provided by Scheibe et al.
(2015), which is named the Multiscale Analysis Platform, which is
also centered on separation of length and time scales. MAP guides
the model developer through different multiscale coupling motifs via
a questionnaire. It allows the model developer to decide which type
of coupling (0-IV as shown in Fig. 2) applies to the problem at hand.
Inspired by the work of Scheibe, we will also present a decision tree,
to aid (food) scientists to decide which type of multiscale coupling
is required for their problem. It will be presented after the review of
multiscale examples from food science literature.
The MMSF framework implicitly assumes a loosely coupled approach, meaning that solvers have explicit time integration, and run independently (implying operator splitting). It is questioned whether this
loose coupling will always render accurate and stable solutions (Gaston
et al., 2009). Therefore, in the multiphysics framework MOOSE one
follows the tightly coupled approach, where the complete set of governing equations is solved using (semi)-implicit time integration (Gaston
et al., 2009). MOOSE is centered on the Jacobean-free Krylov–Newton
method using Finite Elements, which is assumed to work for the majority of multiphysics problems. A disadvantage of this tight coupling
approach is that it can be computationally costly because of the need
for inversion of a huge system matrix, which is also prohibiting easy
parallelization of the code. The numerical simplicity of loosely coupled solvers does allow easy parallelization. This discussion shows the
importance of coupling and the spatiotemporal discretization of multiphysics problems, which is not a trivial matter. At this moment there is

no general methodology to determine whether tight or loose coupling
is required. A recent study (Battiato & Tartakovsky, 2011) shows that
homogenization might deliver such conditions. Homogenization techniques are applied to advection–diffusion-reaction problems in porous
media. They have indicated the type of coupling in a state diagram
using the Peclet and Dahmkohler dimensionless numbers, which appear
to be a convenient tool like the SSM. However, the mathematical
procedure of homogenization is very elaborate, which can be a hurdle
for the convenience of the method for analysing multiscale coupling.
In multiphysics problems, the spatial domains of the fields do not
have to overlap, but can only share a boundary or a small overlap
region. In these cases, one speaks of multi-domain problems (Michopoulos et al., 2005). The physics in each domain is described by
its own set of balance equations. The balance equations are coupled
via the boundary conditions on shared boundaries. Examples of such
problems are multiphase flows, problems involving phase transitions,
and other moving boundary problems. Often these boundaries evolve
in time, posing challenges for the numerical solvers.
The multi-domain numerical solvers can be classified into two main
groups, which differ in how they represent the interface between
multiple domains (Cristini & Tan, 2004; Wörner, 2012). In one class
of solvers, the interface is assumed to be sharp. Temporal evolution of
the sharp interface requires remeshing of the spatial domains. Topological changes in the interface are particularly challenging for sharp
interface solvers. Numerical methods belonging to this class of solvers
are for example the Boundary Integral Method (Hou, Lowengrub, &
Shelley, 2001), the Arbitrary-Lagrangian–Eulerian method (Luo, Baum,
& Löhner, 2004). This class of methods is also called interface tracking
methods. Euler–Lagrangian methods like CFD-DEM also fall within the
class of multi-domain solvers. For the continuous phase, the continuum
assumption is assumed, and the governing equations follow the constitutive field theory, Eq. (1). The dispersed phase is simulated using a
particle-based simulator, solving Newton’s law.
4

Food Structure 33 (2022) 100278

R.G.M. van der Sman

The other class of multiphase solvers assumes a diffuse interface,
which is represented with an indicator function. Using the indicator
function, one can construct a single balance equation, which holds for
all domains. This single balance equation is solved with a single solver.
Coupling between phases at the interface is represented by special
source terms in the balance equation. Numerical methods belonging to
this class of solvers is the level set (Sethian & Smereka, 2003), volumeof-fluid (Cristini & Tan, 2004) and the phase-field method (Badalassi,
Ceniceros, & Banerjee, 2003). This class of solvers is also known as
interface capturing methods. A diffuse interface representation can
easily deal with topological changes of the interface, as happens during
breakup or coalescence of dispersed phases (Badalassi et al., 2003).
Hence, the diffuse interface methods are especially suited for multiphase flows (Yue, Feng, Liu, & Shen, 2004), and problems with phase
transitions (Chen, 2002).
Another computational challenging multidomain problem is fluid–
structure-interaction (FSI) (Dowell & Hall, 2001; Hou, Wang, & Layton,
2012). This challenge arises from the fact that fluid dynamics is naturally described in the Eulerian framework, while solid mechanics is
naturally described in the Lagrangian framework. FSI also arises in
food science, for example in the flow of microgels suspensions (Masoud
& Alexeev, 2011), the oral processing of foods, and the subsequent
transport in the digestive tract (Engmann & Burbidge, 2013).
If the boundaries in multidomain problems do not evolve, or there
is no separation of spatial scales, one can apply classical approaches,
like local grid refinement, adaptive or multi-grid methods (Tong et al.,
2019), which is often applied to heat and mass transfer problems
having boundary layers. Grid refinement is performed for the physical
processes having short length scales. The small-scale submodel focuses
on the boundary layer, while the large-scale submodel focuses on the
bulk region, and their coupling is via the boundary condition applied at
the interface between the boundary layer and the bulk region. In case
of overlap in the spatial domains, meshes have to overlap to provide
good communication of fields between solvers.
In special cases where constitutive relations for the interaction
between phases are known, and the size of the dispersed phase is small
compared to system sizes, the multi-domain problem can be circumvented by applying mixture theory. The solid and fluid phases are
treated as two continuous interpenetrating phases, which can interact
via drag forces. Each volume element of the computational mesh can
be occupied simultaneously by both phases. One can use a two-fluid
representation (Kuipers, Van Duin, Van Beckum, & Van Swaaij, 1992),
where each phase is described with its momentum balance equation, or
one can use a mixture representation with a single momentum balance
for the complete mixture and a separate mass balance for the solid
phase (Vollebregt, van Der Sman, & Boom, 2010). Mathematically,
these representations are equivalent, but with a mixture representation,
one can often obtain better separation of time scales, allowing more
efficient computation of the problem. Such approaches have extensively
been applied to gas-fluidized beds and hard-sphere suspensions, with
the two-fluid model applied to the former and the mixture model applied to the latter. These models naturally fit in a multiscale simulation
framework, using serial coupling (Van der Hoef, van Sint Annaland,
Deen, & Kuipers, 2008; van der Sman, 2009).

model simulates diffusion in a REV, obtained via X-ray tomography.
It is assumed that the REV is statistically representative of the tissue
structure. In the mesoscale, the gases diffuse either through the gaseous
intercellular space or through the cellular liquid—where CO2 can dissolve and be converted into carbonate. From the mesoscale simulations
effective material properties (diffusion coefficients, permeability, and
Michaelis–Menten reaction constants) are derived, which are used at
the macroscale. At the macroscale, convection–diffusion equations are
used for gas transport, and Darcy’s law is used for total gas flow. Due
to significant differences in effective diffusion coefficients, gradients
in total gas pressure develop leading to convective transport of the
respiratory gases. Hence, in this multiscale simulation framework, there
is serial coupling between scales using constitutive equations.
The group of Nicolai has also developed a serially coupled, multiscale model for moisture transport in fruits. They take into account
the multiphysics problem of solid deformation due to moisture loss.
At the mesoscale, the cellular structure is represented. The fluid is
assumed to reside inside the cell with a certain osmotic pressure. The
cell interior is surrounded by the cell wall, which is modelled as a
hyperelastic medium using a mass–spring network. At the mesoscale,
there is a coupling between moisture transport and solid deformation
of the cell wall, but it does not follow from a consistent thermodynamic
framework—such as presented in Refs. Hong, Zhao, and Suo (2010) and
van der Sman (2015b). From the mesoscale constitutive relations are
derived for effective diffusivity and mechanical properties, which are
fed back to the macroscale.
The group of Takhar claims to have developed a multiscale model
for intensive heating processes like frying, extrusion, and drying
(Bansal, Takhar, & Maneerote, 2014; Ditudompo & Takhar, 2015;
Ozturk & Takhar, 2021; Takhar, 2014, 2016), based on the hybrid
mixture theory (HMT) - as propagated by Bennethum and Cushman
(1996a). As Cushman and coworkers have mainly applied the theory
to (swelling) soils, Takhar has assumed the main assumptions for this
material to hold also for food material. Food is assumed to be a
multiphase material, consisting of an inert solid phase, and a pore
space, which can be filled with liquids and gas. Of course, the main
liquid in food is water, but during certain processes like frying oil can
also penetrate the pore space. During frying or drying operations the
liquid water undergoes a phase transition, and a gas phase is created—
which is viewed as a mixture of air and water vapour. In models of
Takhar and coworkers, food biopolymers are viewed as an inert solid
phase, where vicinal water can be absorbed on the surface, but the
bulk of the water is regarded as liquid water filling the pores in the
biopolymer network.
However, we strongly disagree with this view. From a thermodynamics point of view, water and biopolymers are well miscible, and
it must be viewed as a single thermodynamic phase as in the Flory–
Huggins theory, whether the biopolymer is in solution or exists as a
gel (van der Sman, 2015a; van der Sman & Meinders, 2011). Takhar incorrectly views the water in fried and baked products as (free) capillary
water. The reader must take note, that certain food materials have both
a gel phase and a capillary water phase, such as coarse gels (Leksrisompong, Lanier, & Foegeding, 2012), meat (Dhall, Halder, & Datta, 2012;
van der Sman, 2013a) and rehydrated freeze-dried vegetables (van der
Sman et al., 2014). Via imaging techniques, one can see the distinct
regions of the gel phase and the pore space filled with liquid water. The
thermodynamic state of a gel can be described by a swelling pressure,
as given by Flory–Rehner theory, and that of capillary water by the
capillary pressure, as given by the Laplace law, which depends on the
curvature of the water/air interface. In thermodynamic equilibrium the
swelling pressure and capillary pressure are equal. A correct distinction
between bound and capillary water has been made in the work of Datta
(2007) and Dhall et al. (2012). Food materials must be regarded as
hygroscopic porous media .
Another difficulty is that HMT generates the constitutive equations at the macroscale using a top-down approach using the second

3. Examples of multiscale problems in food processing
In food science, multiscale simulation models are just starting to be
developed (Ho et al., 2013). Below, we review some multiscale models
and exemplary multiscale problems from the field of food (process)
engineering.
The group of Nicolai has developed a multiscale model for transport
of respiratory gases in fruits, accounting for the tissue structure at
the mesoscale (Aregawi, Abera, Fanta, Verboven, & Nicolai, 2014; Ho
et al., 2011). At both macroscale of the fruit and the mesoscale of
the tissue, a continuum diffusion model is applied. The mesoscale
5
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scale, the aroma transport through the water and oil phases is computed. The aroma flux crossing the outer boundary of the cell is coupled
to the macroscale model.
Vitrac and coworkers have developed a multiscale model describing
oil adsorption/lipid oxidation during frying (Touffet, Allouche, Ariane,
& Vitrac, 2021; Vauvre, Patsioura, Olivier, & Kesteloot, 2015). For
the oil adsorption case, they investigate at the mesoscale the propagation of the oil/gas interface in an assembly of interconnected pores,
representing the crust after frying. The geometry is abstracted from
microscopic imaging of the crust structure. The oil front propagation
is calculated with a moving boundary formalism, similar to earlier
studies (Camassel, Sghaier, Prat, & Nasrallah, 2005; van der Sman et al.,
2014). From the mesoscale model lag and filling times of several types
of pore configurations are computed. The macroscale model employs
the Kinetic-Monte-Carlo (KMC) methodology to perform statistical averaging over many possible pore configurations of a periodic unit cell
containing 3 layers of plant cells. The taken approach for homogenization is difficult to translate to other multiscale simulation frameworks,
which in general take the volume-averaged description of heat, mass,
and momentum transfer. For the lipid oxidation case, coarse grained
molecular dynamics are coupled to Large-Eddy CFD simulations, using
a concurrent multi-domain approach.
For food suspension flow as occurring in microfiltration and separation processes, we have developed mesoscale and macroscale models (Kromkamp et al., 2005, 2006; van der Sman, 2009; van der
Sman & Vollebregt, 2013; van der Sman, van Willigenburg, Vollebregt,
Eisner, & Mepschen, 2015) For the mesoscale we have used the Lattice
Boltzmann technique for suspension flow, cf Ladd and Verberg (2001).
At the mesoscale, we have studied in particular particle migration
(shear-induced diffusion) in the crossflow direction. At the macroscale
we have used a continuum multifluid description, using a momentum
equation for the complete mixture and a mass balance for the dispersed
phase (Vollebregt et al., 2010). The two scales are serially coupled
via constitutive equations derived from the mesoscale (van der Sman
& Vollebregt, 2012; Vollebregt, van der Sman, & Boom, 2012). Surprisingly, the constitutive equations for the driving force of particle
migration follow a quasi-thermodynamic description, with the shear
stress acting as an effective temperature.
This particle migration is also playing a role in starch suspension
flow, while heated, as described by the multiscale model of Flick
and coworkers. At the mesoscale, the swelling of starch granules as
a consequence of gelatinization is described. The individual flowing
starch granules interact via lubrication forces, and collisions, which
are modelled via the Discrete Element Model (DEM). These forces are
coupled back to the macroscale momentum balance, with the suspension viscosity depending on the volume fraction of starch. Furthermore,
the macroscale model also solves the energy balance. Their multiscale
approach has been named a CFD-DEM model. The macroscale CFD
model and the mesoscale DEM model are solved concurrently, with
information flowing in both directions. The CFD-DEM approach resembles much the CFD-DEM approach for gas-fluidized beds (Van der
Hoef et al., 2008). Here the fluid/solid interaction is mainly via friction
forces instead of lubrication forces.
Defraeye has extended the approach of the Nicolai group towards
drying of vegetables and fruits (Prawiranto, Carmeliet, & Defraeye,
2020; Prawiranto et al., 2018). The mesoscale model accounts for the
changes in the cellular structure during drying, such as turgor loss,
shrinkage, and (plasmo)lysis. Water is present in different compartments, each governed by its water potential. Furthermore, the model
accounts for elastic stresses in the cell wall, using the framework of
large deformations (Hong et al., 2010; van der Sman, 2015b). The
mesoscale model has a REV, which includes several cells and also extracellular space filled with air. At the macroscale, the energy, momentum,
and mass balance are solved using finite elements, with relations for
material properties like diffusivity and permeability derived from the
mesoscale. The models are thus serially coupled. Large deformation

law of thermodynamics (Schrefler & Pesavento, 2004), rather than
from the bottom-up from the mesoscale using the volume averaging
methodology (Quintard, Kaviany, & Whitaker, 1997; Whitaker, 1999)
or homogenization (Davit et al., 2013). Via thermodynamics HMT
tries to define every possible coupling between the governing physical
phenomena. This has a drawback that quite intractable equations are
obtained, cf. Achanta, Cushman, and Okos (1994). The top-down approach also does not generate closure relations for material properties,
contrary to homogenization. In the studies of Takhar the parameters of
the constitutive equations are supplied via experiments (Alam, Zhao,
& Takhar, 2017; Bansal et al., 2014). Despite their claim, we view the
approach of Takhar not as a multiscale approach, because of the lack
of coupling to the mesoscale, either via analytical homogenized closure
relations or explicit mesoscale simulations. In a way the mixture models
of Takhar resemble those of Datta (2007).
A proper multiscale model for bread baking is developed by Lucas
et al. (2015), albeit that the current model is only one dimensional.
The macroscale model describes the transport of heat, mass, and momentum, including solid deformation. Mesoscale models are used to
obtain effective material properties that take into account the moisture
transport inside pores via the evaporation–condensation mechanism.
Mesoscale models have been developed for closed and open pores. In
the models for open pores, one must account for the convection of heat
and moisture via gas flow driven by the gradient in total gas pressure. In
this multiscale model, there is only serial coupling between mesoscale
and macroscale.
Two-way loosely coupled multiscale models using cell models have
been developed for baking (Baldino, Gabriele, Lupi, de Cindio, & Cicerelli, 2014; Narsimhan, 2013, 2014), and snack expansion
(Manepalli, Dogan, Mathew, & Alavi, 2017; Manepalli, Mathew, &
Alavi, 2019; van der Sman & Broeze, 2014a, 2014b). The cell model
at the mesoscale describes the evolution of gas/steam bubbles, using
volume expansion and mass transfer. Cell models can be viewed as
a spherical REV, with symmetric boundary conditions applied at the
outer boundary. The heat transfer is handled at the macroscale while
treating the expanding food matrix as a porous medium. There is
a two-way coupling between mesoscale and macroscale: temperature
is coupled back from macro to the mesoscale, while the macroscale
model takes porosity and volume from the mesoscale. The cell model
for snack expansion (van der Sman & Broeze, 2014a, 2014b) has
used the methodology of the MMSF framework, and in particular
the Scale Separation Map. Some of these baking models take the
viscoelastic properties of the matrix into account in the cell model.
In this way, some of the effects of the stiffening of the matrix by
the denaturation of gluten are taken into account (Baldino et al.,
2014). The cell models for direct expanded snacks are coupled to a
macroscale model of an extruder, delivering initial temperature and
pressure for the snack expansion, happening when the extrudate is
leaving the extruder die (Manepalli et al., 2017, 2019). While some
cell models for snack expansion are coupled to thermodynamics of
amorphous starch (van der Sman & Broeze, 2014a, 2014b), the cell
models for baking are lacking the link to the thermodynamics of the
system, while important phase transitions are happening during baking
like sucrose melting, protein denaturation, and starch gelatinization. As
said before, currently predictive theories for these phase transitions are
available (van der Sman, 2015c; van der Sman & Meinders, 2011), and
they can be included in these baking models.
The multiscale model for coffee extraction (Beverly et al., 2020) has
a large similarity with the above cell models. The coffee particles are
represented as a cell model, but have a hierarchical structure, with a
double porous structure. Water can be bound to the cell wall material,
or as capillary water is mesopores. Coffee particles also contain oil. At
the macroscale of a packed bed with coffee particles mass, momentum,
and energy balance are solved in the axial direction, assuming the
packed bed is a porous medium. Each control volume of the macroscale
model is loosely coupled to the mesoscale cell model. At the particle
6
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mechanics are solved both at the mesoscale and the macroscale. Quite
a similar approach is followed by Welsh, Khan, and Karim (2021), only
the mesoscale and macroscale models lack the large deformation of
cells and tissue.
Quite a different approach for plant foods drying is followed by Wijerathne et al. (2019), who have used SPH-DEM (SPH = Smooth Particle
Hydrodynamics) to model cell and tissue deformation. The SPH model
represents the viscous cytoplasm, and the DEM model is used for the
elastic cell wall material, which is able to deform as a Neo-Hookean
material (Karunasena, Senadeera, Brown and Gu, 2014; Karunasena,
Senadeera, Gu and Brown, 2014). Both SPH and DEM models are
meshless, particle-based models, where particles interact via forces.
To model the tissue behaviour at macroscopic scales, authors have
performed coarse-graining techniques to the SPH-DEM forces at the
mesoscale. Coarse-graining is a common technique to derive models
from molecular dynamics, that operate at larger scales (Peter & Kremer,
2009).
The SPH-DEM technique has also been used to model oral processing and food digestion (Harrison & Cleary, 2014; Harrison, Cleary,
& Sinnott, 2018; Sinnott, Cleary, & Harrison, 2017). The SPH-DEM
simulation method can model both fluids and solids and it is able to
capture complex free surface behaviour and very large deformations.
This model as applied to oral processing and food digestion must be
viewed as a multiphysics model, rather than a multiscale model. The
oral processing model models the oral cavity, tongue, and food as soft
materials undergoing large deformations, imposed by the movement of
the jaw with the hard teeth, which is complemented with heating via
conduction, and the diffusion of tastants. The digestion models describe
the mixing of solid food with digestive fluids in the stomach (Harrison
et al., 2018) and small intestine (Sinnott et al., 2017) due to the
peristaltic movement of the walls of the gastrointestinal tract. We
view there is opportunity to couple these SPH-DEM models to models
addressing the physico-chemical processes happening inside the food
particles suspended in the digestive fluids, as one can find in Sicard,
Mirade, Portanguen, Clerjon, and Kondjoyan (2018) and van der Sman,
Houlder, Cornet, and Janssen (2020)
A few publications describe the connection of macroscale simulation
of heat transfer and phase transition during food freezing with the
growth of ice crystals at the mesoscale. One group has followed the
population balance method to describe crystal growth, and attrition
in a scraped heat exchanger (Arellano, Benkhelifa, Alvarez, & Flick,
2013; Hernández-Parra et al., 2018), while we have used the phasefield method to describe dendritic growth of ice crystals in a sugar
solution (van der Sman, 2016, 2021a). The population balance method
describes via empirical rules the nucleation, growth, breakup, and
attrition of crystals in a stirred ice cream mixture (Lian, Moore, &
Heeney, 2006), depending on the degree of supercooling. There is only
one-way coupling, the macroscopic material properties only depend
on the volume fraction of ice, and not by its size distribution. The
volume ice fraction is obtained via the population balance method,
which account for supercooling. Ice cream texture will depend on the
ice crystal size distribution. The macroscale model solves for both the
energy and momentum balance, as the ice cream mixture is also flowing
in the scraped heat exchanger. The phase-field method is applied to
ice dendritic growth in a stagnant sucrose solution, and which is
coupled to a macroscale model describing the energy balance, and the
mass balance (away from the solidification front). There is a two-way
coupling, with temperature and far-field sugar concentrations exported
from macroscale to mesoscale, and the volume fraction of ice exported
from mesoscale to macroscale. Due to small differences in time scales,
the mesoscale and macroscale models are solved concurrently in parallel. The phase-field method is based on a free energy functional, that
also includes interfacial energy (Anderson et al., 1998). The growth
and branching of dendrites spontaneously emerge from this physical
formalism (Echebarria, Folch, Karma, & Plapp, 2004).

The multiscale model for spray drying couples a CFD model for
turbulent airflow and heat transfer with a single droplet drying (SDD)
model (Tran, Jaskulski, & Tsotsas, 2017). A detailed single droplet
model was too expensive in terms of computational resources, and a
model reduction was performed on the detailed SDD model. Morphological changes of the drying droplet were incorporated using heuristic rules. The multiscale model has been shown to predict particle
morphology reasonably well. To describe particle agglomerations the
multiscale model needs to be extended with collision rules (Hussain,
Jaskulski, Piatkowski, & Tsotsas, 2021). Various collision rules are
already in place, but there is yet no connection to the SDD models
rendering the moisture content and mechanical properties of the colliding droplets/particles. This would require either population balance
approaches or CFD-DEM models (Tsotsas, 2015).
We conclude the discussion of current examples of multiscale models with problems that are said to benefit greatly from multiscale
simulations, i.e. digestion (Bornhorst, Gouseti, Wickham, & Bakalis,
2016; Skamniotis, Edwards, Bakalis, Frost, & Charalambides, 2020) and
extrusion (Jaluria, 2017; Murillo, Osen, Hiermaier, & Ganzenmüller,
2019), but which have to be developed yet.
Digestion is receiving serious research interest only in the recent
decade, and its simulation is still in its infancy, which is in part due to
the different length scales playing a role. At the largest length of the
human body, the gastrointestinal (GI) tract is modelled as a series of
mixed tank reactors. A more precise description of the mixing requires
the modelling of the peristaltic motion of the confining walls of the GI
tract. Several studies have addressed this problem in the stomach (Harrison et al., 2018; Ishida, Miyagawa, O’Grady, Cheng, & Imai, 2019;
Pal, Brasseur, & Abrahamsson, 2007) and the small intestine (Brasseur
et al., 2009; Sinnott et al., 2017). Often a mesoscale method like Lattice
Boltzmann or Smoothed Particle Hydrodynamics is used to easily cope
with the moving boundaries. However, the above studies only involved
liquid digesta. For digesting (semi)solid foods more knowledge on the
rheology is required (Skamniotis et al., 2020), which can be probably solved with models for microgel suspensions (Shewan & Stokes,
2015) or emulsion droplets. At the scale of the food particles complex
physicochemical processes play a role, like swelling, pH buffering,
ion exchange, enzyme transport, and adsorption (Deng, Mars, van der
Sman, Smeets, & Janssen, 2020; Sicard et al., 2018; van der Sman et al.,
2020). There is an interaction between particle scale and macroscale,
as the peristalsis will promote particle breakdown (Skamniotis et al.,
2020), and thus the timescale of the physicochemical processes. Particle size distribution and viscosity determine the sieving and gastric
emptying.
Extrusion is a widely used process within the food industry, but
there are very few multiscale simulation models for this process, even
within the field of chemical engineering (Jaluria, 2017; Murillo et al.,
2019). This is probably because solving the extrusion problem at the
macroscale has already been shown to be very challenging: a complicated geometry with moving boundaries, and complicated material
rheology (Emin & Schuchmann, 2017; Emin, Wittek, & Schwegler,
2021). However, multiscale phenomena are becoming of large interest
for the manufacturing of plant-based meat analogs (Murillo et al., 2019;
Zhang et al., 2019). Like meat, here one aims at hierarchical structuring
of the food material: at the molecular level, there is shear alignment of
protein aggregates; at the mesoscale, there is deformation and breakup
of dispersed phases and separation of water due to syneresis. (Cornet
et al., 2020; Dekkers, Boom, & van der Goot, 2018; Tian et al., 2020;
Wittek, Zeiler, Karbstein, & Emin, 2021). Multiscale models of meat
analog extrusion must address the complex macroscale flow and heat
transfer, linked to the structure formation processes at the mesoscale
and molecular scale.
7
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Fig. 3. MultiCubed simulation framework with coupling between micro, meso, and macroscale. The loupe indicates the variety of modelling paradigms applicable for the mesoscale.

4. MultiCubed Framework

the transport of mass and momentum are derived. This free energy
approach is also a natural framework to describe phase transitions,
as shown in our recent model for ice crystallization (van der Sman,
2016, 2021a). The complex physics of absorption of emulsifiers and
ions at emulsion droplet interfaces can conveniently be incorporated
in the thermodynamic framework (van der Sman & Meinders, 2014,
2016). From the computational physics point of view, the phase-field
is attractive as the evolution of multiple phases can be computed via
a single framework, avoiding the difficulties of coupling multi-domain
solvers across the interface. Topological changes as droplet breakup
or coalescence naturally emerge from the free energy approach. In
the MULTI3 framework we will assume that the continuous phase can
always be described using a continuum approach, cf. Eq. (1), which
is an Eulerian description. For the dispersed phase, there is a choice
between an Eulerian or a Lagrangian description. Hence, the phase field
approach is an example of a Eulerian/Eulerian mesoscale description,
while a CFD/DEM or a Lattice Boltzmann suspension code are examples
of Euler/Lagrangian mesoscale descriptions.
For particulate suspensions Euler–Lagrangian mesoscale methods
are more appropriate (Kromkamp et al., 2006; van der Sman, 2009).
A widely used method is the Lattice Boltzmann model, as developed
by Ladd and coworkers (Ladd & Verberg, 2001), but also CFD-DEM
approaches can be used as in the case of fluidized beds (Van der Hoef
et al., 2008) or starch suspension processing (Palanisamy et al., 2021).
The flow of the liquid continuous phase is solved on an Eulerian grid,
onto which the dispersed solid phase is projected. The coupling is
via a no-slip boundary condition on the interface between liquid and
solid, thereby also providing momentum transfer between phases. The
movement of the solid phase is computed using a Lagrangian solver,
which updates the particle positions using Newton’s law. Interparticle
colloidal forces can be accounted for. In the last decade, the Immersed
Boundary Method is also frequently applied to simulate the flow of
deformable particles (Krüger, Varnik, & Raabe, 2011). This method can
also be linked to mechanical deformation gel-like particles (microgels)
in flow (Camacho, Fogelson, & Keener, 2016).
Many food materials are hygroscopic, meaning that they interact
strongly with water and are also easy to dissolve. Solutes can be viewed
as an integral part of the aqueous phase—which can be described
as a mixture for the momentum balance. Solutes can be inhomogeneously distributed, and their evolution must be described by a mass

Based on the findings described in the above survey of multiscale simulation frameworks we will expand our multiscale simulation
framework, which we have sketched earlier in a review paper (van der
Sman & van Der Goot, 2009). Our current view on the MultiCUBED
framework is sketched in Fig. 3.
We distinguish three important scales: (1) the microscale of molecular phenomena, (2) the mesoscale of food structure, and (3) the
macroscale of food products and processing equipment. At the microscale, we describe the thermodynamics of the system, the biochemistry, and colloidal forces between particles, if applicable. We will
assume that there is always a good separation between time and length
scales between microscale and mesoscale. Hence, these scales can be
sequentially coupled via constitutive relations. The thermodynamics
will be expressed in terms of a free energy functional, which should
also include surface free energy terms in the case of multiphase food
materials (van der Sman, 2016; van der Sman & van der Graaf, 2006).
Biochemistry will be formulated in terms of reaction kinetics, with the
chemical potential difference as driving force (van der Sman, 2021b).
For colloidal particles force laws can be formulated (using the potential
of mean force), which can be used in Euler–Lagrangian mesoscale
simulations (Markutsya, Fox, & Subramaniam, 2012).
At the mesoscale, we will explicitly describe the evolution of food
structure, which is a multiphase material. This mesoscale evolution
of food structure is computed in either a REV (as in the case of cell
models (van der Sman & Broeze, 2014b)) or a ROI (as in the case of a
moving solidification front (van der Sman, 2021a)). The coupling to the
macroscale is most likely to be of type II or III, as indicated in Fig. 2.
Most of the existing food structures can be classified as dispersions (van der Sman & van Der Goot, 2009). This would call for a
multidomain approach. But in the case of emulsions, foams and ice
creams the multidomain approach can be circumvented via a phasefield approach (van der Graaf et al., 2006; van der Sman, 2016; van
der Sman & van der Graaf, 2006; van der Sman & Meinders, 2014).
However, for particle suspensions a multidomain approach is more
appropriate (Kromkamp et al., 2006; van der Sman, 2009), as is also
indicated by the various CFD/DEM approaches used in multiscale
problems for particulate foods, as shown in Table 1.
The key ingredient of the phase-field method for describing the
physics is a free energy functional, from which all driving forces for
8
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Table 1
Examples of multiscale simulation in food processing.
Application

Reference

Coupling

Gas diffusion in fruit
Water transport in fruit
Intensive heating foods
Bread baking
Bakery

Ho et al. (2011)
Aregawi et al. (2014)
Bansal et al. (2014) and Takhar (2014, 2016)
Lucas et al. (2015)
Baldino et al. (2014), Hailemariam, Okos, and Campanella
(2007) and Narsimhan (2014)
Manepalli et al. (2017, 2019) and van der Sman and Broeze
(2014a, 2014b)
Beverly et al. (2020)
Vauvre et al. (2015)
Touffet et al. (2021)
Kromkamp et al. (2005, 2006) and Vollebregt et al. (2012)
Palanisamy, Ramaioli, Menut, Plana-Fattori, and Flick (2021)
Prawiranto et al. (2018) and Prawiranto et al. (2020)
Welsh et al. (2021)
Wijerathne et al. (2019)
Harrison and Cleary (2014) and Sinnott et al. (2017)
Arellano et al. (2013) and Hernández-Parra et al. (2018)
van der Sman (2016, 2021a)
Tsotsas (2015), Xiao and Chen (2014) and Xiao, Chen, Wu,
and Chen (2016)
Bornhorst et al. (2016) and Skamniotis et al. (2020)
Jaluria (2017) and Murillo et al. (2019)

Serial (II)
Serial (II)
Serial (II)
Serial (II)
Cell model (III)

Snack expansion
Coffee aroma stripping
Oil migration in fries
Lipid oxidation during frying
Suspension flow
Starch processing
Plant tissue drying
Plant tissue drying
Plant tissue drying
Digestion/Oral Processing
Freezing in scraped heat exchanger
Freezing sugar solutions
Spray drying
Digestion
Extrusion

Cell model (III)
Cell model (III)
Serial KMC (II)
MD/CFD (III)
Serial (II)
CFD-DEM (III)
Serial (II)
Serial (II)
SPH Serial (II)
SPH (0)
PB (II)
Phase field (III)
CFD/DEM (III)
Example
Example

is the case, one can opt for serial coupling (coupling type II in Fig. 2).
Often, the coupling is via constitutive relations, for which an analytical
description might be available. Otherwise, a numerical homogenization
can provide this relation. Note, that machine learning might also be a
useful tool for this.
If there is no separation of time scales, the larger and smaller
scale (i.e. macroscale and mesoscale) need to be solved concurrently
(coupling type III in Fig. 2). If a REV exists, mesoscale simulations need
only be performed for a periodic unit cell, or with a cell model. Cell
models distinguish themselves via coupling with the macroscale via
the external boundary conditions, which will often be in the form of
the thermodynamic potential. In unit cells, one often applies periodic
boundary conditions. A REV can be defined for every control volume
of the macroscale solver, which will be invoked at every macroscale
timestep. Due to the poor timescale separation the macroscale and
mesoscale timestep will be equal, 𝛿𝑡 = 𝛥𝑡, or 𝑁𝛿𝑡 = 𝛥𝑡, with 𝑁 < 10
an integer number. The existence of a REV can probably inferred via
imaging techniques targeting the mesoscale of the food structure.
If a REV cannot be inferred, there exists the possibility that microstructural development only happens in a small region (ROI) of
the computational domain (as covered by the macroscale). Such a
situation exists in food freezing (van der Sman, 2021a), where the
phase transition only happens at the freezing front. Away from the
freezing front, conditions near local thermal equilibrium can be assumed. Only in the ROI, mesoscale simulations need to be invoked. The
two-way coupling between ROI and macroscale requires definition of
appropriate boundary condition at every time step. As in the case of the
food freezing, the ROI can move position with time. This requires some
reconstruction of (initial) conditions of new areas at the mesoscale.
If an ROI cannot be defined, the mesoscale model needs to be solved
for the complete computational domain, and a macroscale solver is not
required. In this situation one can again profit from the possibilities
with the classical multigrid/adaptive grid solutions.
Next to questions relating to time and length scales, there are some
choices to be made regarding the multiphysics or multiphase nature of
either the macroscale or the mesoscale. In case of the existence of multiphysics phenomena, one can choose between tight or loose coupling.
Tight coupling requires a solver, which can solve simultaneously all
multiphysics phenomena. For macroscale multiphysics problems, which
can be formulated in terms of Finite Elements, there exists commercial
solvers like COMSOL, and open source solvers like Elmer or MOOSE.
For the latter it might be more easy to couple them to mesoscale solvers

balance, with a chemical potential gradient as the driving force for diffusion (van der Sman, 2016). For many solutes, the chemical potential
can be derived from the Flory–Huggins theory, and its extensions (van
der Sman, 2012, 2013b; van der Sman & Meinders, 2011).
Other food materials must be regarded as gel phases, for which
it requires a momentum balance equation for both the solid polymeric phase and the liquid solvent phase (Barrière & Leibler, 2003).
Interaction of the biopolymeric gels and water can be described by a
free energy functional from the Flory–Rehner theory (van der Sman,
2012, 2013a; van der Sman, Paudel, Voda, & Khalloufi, 2013), or
its extensions accounting for anisotropic large deformations (Hong,
Zhao, Zhou, & Suo, 2008; van der Sman, 2015b). However, to date,
it has proven difficult to use the Flory–Rehner framework with a
fluid dynamics solver to model microgel suspensions (which would
be relevant in the case of modelling digestion) - which is because
of the difficulty of marrying the Eulerian framework of fluids and
the Lagrangian framework of solids (Datta, van der Sman, Gulati, &
Warning, 2012).
At the macroscale, we assume that food materials can be described
using a volume-average approach (Whitaker, 1999). For heat and mass
transfer problems in food science, it is also known as the porous media
approach, as propagated by Datta (2007). For food materials, like particle suspensions, subject to fluid flow at the macroscale mixture models,
as proposed by Vollebregt et al. (2010, 2012), are more appropriate.
Surprisingly, the proposed framework for driving forces of particle
transport fit well in the free energy approach, propagated above. In
the models of Vollebregt, the fluid matrix is assumed to be Newtonian.
For many food materials, the matrix is non-Newtonian, exhibiting properties like viscoelasticity, yield stress, and shear thinning. Rheological
models for complex fluids with non-Newtonian matrices often still need
development, as in cases of 3D food printing or extrusion of meat
analogs. Such models can probably be delivered by mesoscale REV
models, with explicit representation of the various phases.
To provide readers guidance in choices in the type of coupling
in MULTI3 framework, we have drawn a decision tree, as shown in
Fig. 4. But, we think the decision tree can also serve for the design
of multiscale simulators for applications other than food (structuring)
processing. Below, we shortly describe the steps in the decision tree.
The first step is to generate a Scale Separation Map (SSM). Multiscale approaches are only relevant if there is a separation of length
scales. Otherwise, more classical multigrid/adaptive grid approaches
should be used. The second question concerns the existence of separation of times scales, next to the separation of the length scales. If this
9
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the most obvious one, and a multiphase solver at the macroscale
is more appropriate. Even, one can opt for choosing particle-based
solvers at every scale. This is indeed possible, when one can couple
methods like SPH, DEM, DPD, or even Molecular Dynamics (MD). A
full particle-based multiscale solver might be an obvious choice for
entropy-driven phenomena like self-assembly. Recall that the MULTI3
framework is more intended for (food structuring) phenomena driven
far from equilibrium.
5. Conclusions
Following the above discussion, the MULTI3 framework can be
summarized as follows. Models are defined at three different length
scales: (1) microscale models describe thermodynamics, (2) mesoscale
models describe explicitly the evolution of dispersed phases, and (3)
macroscale models describe transport phenomena at product and equipment level. We envision much of the microscale/molecular phenomena
can be captured via free energy functionals, and the macroscale via
volume-averaged or multifluid models. However, for the description
of the mesoscale phenomena a wider pallet of methods are required,
such as phase fields, Euler–Lagrangian models, or sharp-interface/cell
models. The coupling between micro- and mesoscale is a simple serial coupling, via a free energy functional for example. The coupling
between mesoscale and macroscale can be more diverse: such as a
serial coupling for a REV-mesoscale model, or a concurrent (two-way)
coupling for a ROI-mesoscale model.
All our recent papers concerning multiscale or multiphysics simulations follow the above MULTI3 framework (Jin & van der Sman, 2022;
van der Sman, 2021a; van der Sman & Broeze, 2014a, 2014b; van der
Sman et al., 2014). Most of other multiscale simulation models from
the food science area are lacking a proper thermodynamic description.
At the macroscale most of the multiscale models follow the classical
continuum models of transport phenomena. At the mesoscale little
truly mesoscopic simulation methods have been used, except for some
studies employing the SPH method. Hence, we think there is room for
improvement regarding multiscale simulations methods in food science.
We hope that the presented MULTI3 framework, and tools like the Scale
Separation Map can help food researchers in improving their multiscale
models.
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