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Abstract: Plant-based food materials are mostly porous in nature and heterogeneous in structure with huge diversity
in cellular orientation. Different cellular environments of plant-based food materials, such as intercellular, intracellular,
and cell wall environments, hold different proportions of water with different characteristics. Due to this structural
heterogeneity, it is very difficult to understand the drying process and associated morphological changes during drying.
Transport processes and morphological changes that take place during drying are mainly governed by the characteristics
of and the changes in the cells. Therefore, to predict the actual heat and mass transfer process that occurs in the drying
process and associated morphological changes, development of multiscale modeling is crucial. Multiscale modeling is a
powerful approach with the ability to incorporate this cellular structural heterogeneity with microscale heat and mass
transfer during drying. However, due to the huge complexity involved in developing such a model for plant-based food
materials, the studies regarding this issue are very limited. Therefore, we aim in this article to develop a critical conceptual
understanding of multiscale modeling frameworks for heterogeneous food materials through an extensive literature review.
We present a critical review on the multiscale model formulation and solution techniques with their spatial and temporal
coupling options. Food structure, scale definition, and the current status of multiscale modeling are also presented, along
with other key factors that are critical to understanding and developing an accurate multiscale framework. We conclude
by presenting the main challenges for developing an accurate multiscale modeling framework for food drying.
Keywords: food drying, heat and mass transfer, homogenization, multigrid analysis, multiscale modeling

Introduction
Food drying is a rapidly expanding area of research with primary focus on understanding the fundamental physics of the transport process during drying. Scientists and researchers have directed enormous effort toward uncovering the actual heat and
mass transport phenomena that occurs during food drying. Many
theoretical models considering the food material as a single phase
or multiphase domain have been developed (Golestani, Raisi, &
Aroujalian, 2013; Gulati, Zhu, & Datta, 2016; Kumar, Joardder, Farrell, & Karim, 2017). These models classically simulate the material using a representative elementary volume
(REV) by eliminating the effects of the materials microstructure. Foods, in particular fruits and vegetables, have a heterogeneous microstructure consisting of intercellular space, intracellular space, and cell walls (Khan & Karim, 2017). Evolution
of heterogeneous microstructure during thermal processing has
a significant role in the water migration and must be taken
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into consideration in order to accurately represent the transport process. During drying, the transportation of water from
cellular locations to the surrounding environments causes uneven volume reductions (anisotropic shrinkage) (Khan & Karim,
2017). This anisotropic shrinkage can have many negative consequences on food material, such as deterioration of quality, surface
cracking, changes in rehydration capability and textural properties (Mulet, Garcia Reverter, Bon, & Berna, 2000; Senadeera,
Bhandari, Young, & Wijesinghe, 2005). Moreover, shrinkage significantly affects the drying rate and the drying kinetics during food drying (Mahiuddin, Khan, Kumar, Rahman, & Karim,
2018). In this context, accurate prediction of shrinkage during
drying of food material is very important. Although many studies have been conducted to predict the shrinkage phenomena
(Mahiuddin et al., 2018), all existing models have been formulated
at a macroscale level based on the tissue deformation. Therefore,
these studies are unable to capture the anisotropic shrinkage because the morphological changes due to the drying process initiates
at cell level (Konstankiewicz et al., 2002), and final results (deformation) appears at tissue level (Mahiuddin et al., 2018). Therefore,
for predicting the accurate anisotropic shrinkage phenomena and
associated structural changes, multiscale modeling is essential.
Multiscale modeling is one approach that has the potential to
incorporate the effects of a material’s microstructure while balancing the required computational resources. Multiscale modeling
is considered to be comprised of a series of submodels which
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investigate a product’s behavior over multiple spatial scales (Rahman, Joardder, Khan, Nghia, & Karim, 2016). This allows fewer
assumptions to be made while allowing a substantial amount of
physics to be included across multiple length scales. Thus, the
physics can be modeled to a great depth while saving on computational resources (Weinan, Engquist, Li, Ren, & Vanden-Eijnden,
2007). Multiscale modeling has been applied to various fields over
the years such as material science and soft matter and biological science. However, it is still new for food drying. Work has
been published for multiscale timber drying ( Perré & Rémond,
2006; Perré & Turner, 1999), in addition to a series of works
produced on the multiscale dehydration aspect of food material
(Aregawi, Abera, Fanta, Verboven, & Nicolai, 2014; Fanta et al.,
2014, 2013). However, these are significantly different from multiscale food drying. Timber drying is vastly different in terms of
the deformation which occurs and the dehydration models excluding any external heat source. Recently, some researchers have
shown their immense interest in multiscale food drying modeling
and provided some general background into multiscale modeling
(Defraeye, 2014; Ho et al., 2013; Rahman et al., 2016). Ho et al.
(2013) investigated the imagery techniques for constructing a geometry for using in multiscale modeling and discussed possible
numerical techniques for multiscale food modeling. Moreover,
it mainly focused on one-way coupled techniques, such as homogenization, to incorporate a materials heterogeneous structure.
Homogenization can only account for the materials structure and
is unable to capture the actual microstructural changes during
drying. Furthermore, this study also fails to investigate the concurrent multiscale approaches in depth or investigate the temporal
coupling. Considering the limitations of Ho et al. (2013), previously the current authors (Rahman et al., 2016) comprehensively
reviewed and discussed the current challenges and status of multiscale modeling for food drying. The study reported how to bridge
the scales, while providing insight into the relative properties for
multiscale shrinkage. However, this study does not provide any
comprehensive review on multiscale modeling frameworks. Moreover, the paper did not cover the solution techniques or temporal
coupling at all. Therefore, a comprehensive study on multiscale
modeling that includes development and solution procedure of a
multiscale model for food drying is essential. Considering the gaps
in the literature outlined above, this study provides a comprehensive overview of the multiscale model formulation and solution
for food drying with their spatial and temporal coupling options.
Due to the fact that limited literature available on multiscale
food drying, this review will utilize various publications from the
different applicable fields including, material science, soft matter
and biological science. This paper will present the current status
of multiscale modeling, multiscale frameworks, and the factors affecting multiscale modeling and will explain how the structural
heterogeneities affect the transport process during drying. Finally,
the review will be concluded with the consideration of current
challenges and the scope for further research in multiscale modeling of food drying.

Food Structure
The real structure of food has multiple length scales. The definition scales utilized in the present work are discussed below:

Real food structure
Plant-based food material is a heterogeneous and hygroscopic
porous medium. Its complex structure is composed mainly of
polymers and water, with a water content of up to 80% to

90% (Khan, Kumar, Joardder, & Karim, 2017). In addition, food
materials contain minerals and air which heavily contribute to its
complex structure (Gross & Kalra, 2002). During thermal processing (such as drying) food undergoes modifications of physical,
chemical, and nutritional characteristics as a result of the large
amount of moisture removed. These modifications of the food’s
structure span across multiple scales of length (that is, cellular to
tissue). Cells are the basic units of food material and can be found
at a microlength scale (commonly referred to as microstructure).
Food microstructure consists of intercellular space, intracellular
space, and cell walls, as shown in Figure 1 (Khan, Joardder, Kumar, & Karim, 2016). The intercellular spaces are considered to be
the empty spaces in between a group of cells they are also known
as pores. These typically contain a small percentage of water (free
water) and other solutes. Intracellular space is defined as the space
within cells consisting of the vacuole and cytoplasm. The majority of the water that resides within the microstructure can be
found here (known as intracellular water). Additionally, water is
also located in the cell walls and is known as cell wall water or
extracellular water (Khan & Karim, 2017).
The heat and mass transport process is significantly influenced
by the microstructure of plant-based food material (Joardder, Kumar, & Karim, 2017a). Water migration is the major concern
during these processes. Water within food material falls under 2
classifications, free water (FW) and bound water. FW is located
within the pores and the capillaries. These intercellular spaces are
unrestricted, which allows the FW to be effortlessly transported
during drying. Bound water can be either chemically or physically
bound to food material, with physically bound water being the
main concern for the heat and mass transports (Khan & Karim,
2017). Physically bound water contains two subdivisions: loosely
bound water (LBW) and strongly bound water (SBW); LBW is intracellular water and SBW is cell wall water (Caurie, 2011; Khan,
Wellard, Nagy, Joardder, & Karim, 2017). SBW is trapped within
the cell wall and is not transported during thermal processing, resulting in the FW and LBW being the major concern during drying (Khan et al., 2016). FW in the unrestricted pores can migrate
to the surface and be removed due to evaporation (Srikiatden &
Roberts, 2007). LBW water can migrate following three possible
paths: cell to cell, cell to pore, or through cell membrane rupture.
Further details can be found in the authors’ previous works (Khan
& Karim, 2017; Khan, Nagy, & Karim, 2018).

Length scales definitions
Three major scales are referred to in this work: microscale,
macroscale, and industry scale, as shown in Figure 2. The microlength scale considers the heterogeneous microstructure of food
material, with a domain consisting of intracellular space, intercellular space, and cell walls. This scale generally has a length range of
10–6 to 10–2 m. Very few studies have been published for food drying at a microscale. Investigations have been conducted into cellular water distribution in addition to the development of a realistic
microstructure domain of food (Khan et al., 2018; Rahman, Gu,
& Karim, 2018). Very recently, the first microscale transport model
for food drying has been published (Rahman, Kumar, Joardder,
& Karim, 2018). The model investigates a heterogeneous microstructure consisting of cells and pores under convective drying.
Over the years more insights have been published on soft matter
for the deformation and water under dehydration (Aregawi et al.,
2014; Fanta et al., 2014, 2013). Also, gas transport on 2D and 3D
microscale geometries have been investigated (Ho et al., 2014).

1294 Comprehensive Reviews in Food Science and Food Safety r Vol. 17, 2018


C 2018 Institute of Food Technologists®

Multiscale modeling for food drying . . .

Intercellular space

Intracellular space

Cell wall

Figure 1–Heterogeneous cellular structure of plant-based food material.
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Figure 2–Length scales: (a) microscale, (b) macroscale, and (c) industry scale.

Further research is required at a microscale to comprehensively
understand what occurs during thermal processes such as drying.
The macroscale is considered to be the plant tissue or product
sample. This scale has a length range of 10–2 to 10 m and fails to
include any information or details from finer scales. Normally the
product is treated as a structure less continuum which is achieved
through REV (Ho et al., 2013). REV is the volume average of
the heterogeneous material properties taken over a small volume.
REV utilizes a single function approach denoting a real valued
function, u, over a domain . The local average form of the REV
approach is considered to be

u(x) =
u(y)d y
(1)
V(x)

where V(x) is a small volume surrounding the point x of the size
of the REV.
The macroscale approach is where the majority of food drying
research has been conducted and the actual details of the microscale
heterogeneity are not modeled (Ho et al., 2013). Macroscale models exist for a wide range of processes including drying. Comprehensive theoretical models for traditional drying techniques, such
as convective drying, exist for both single and multiphase transports as well as deformation (Golestani et al., 2013; Kaya, Aydın,
& Dincer, 2008). For advanced and innovative drying technologies, such as microwave drying or hybrid techniques, theoretical
models are less developed although some models on multiphase
heat and mass transport for microwave drying have been reported
(Chen et al., 2014; Gulati et al., 2016). Similarly, deformation
model for intermittent microwave drying has been developed by
Joardder, Kumar, and Karim (2017b). Validation is also established
at this scale using various techniques, such as X-ray tomography,
optical methods, and magnetic resonance imaging (Cantre, Herremans, Verboven, Ampofo-Asiama, & Nicolaı̈, 2014; Vicent, Ver
C 2018 Institute of Food Technologists®

boven, Ndoye, Alvarez, & Nicolaı̈, 2017). In addition, new methods are being published on determining heat distributions within
microwave dryers utilizing a heat determination product such as
low acyl gellan gel. Low acyl gellan gel can be prepared to match
physical properties of foods as well as constructed with chemical
markers to utilize the product for heating pattern determinations.
Readers are directed to Luan, Wang, Tang, and Jain (2016) for
an example where this gel is utilized, to Zhang et al. (2015) on
controlling the properties, and to Morris, Nishinari, and Rinaudo
(2012) for a comprehensive review of the product. It should be
noted that gellan gel is currently tailored to microwave-heating
validation.
The third scale referred to in this work is the industry length
scale. Industry scale is considered to include the entire dryer as the
domain. A predominant example of this is the inclusion of multiple
products. The industry scale has a length range of 10–1 to 1000 m
and is less common in the literature because it is usually modeled
in industry. Some previous studies have focused on industry scale
spray dryers or continuous dryers (Fletcher & Langrish, 2009;
Huang et al., 2017). Additionally, some works have been done
for multiple products in microwaves or continuous microwave
conveyor belt dryers (Chen, Lau, Chen, Wang, & Subbiah, 2017).
However these can be classed as semi industrial studies. Depending
on the drying technology, some results can be scaled up to a certain
degree from a macroscale for industry applications such as air flow
distributions, while some results cannot (that is, electromagnetic
distributions within microwave heating [Li, Wang, & Kudra, 2011;
Vadivambal & Jayas, 2010]). Currently a great divide exists between
what academia publishes at one scale and industry requires at
another (Defraeye, 2014).
These scale definitions are arbitrary with more length scales
existing and overlapping in reality. In the published literature,
most of the research has been conducted on dual-scale models
where a simple naming scheme is utilized to denote the different
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length scales: fine and coarse. These will also be used in context
throughout this work as modeling across 3 scales is quite rare in
the literature (Fish & Yu, 2001; Rohan, Turjanicová, & Lukeš,
2017).

Current Status of Multiscale Modeling
Multiscale modeling is not new, with a large number of studies
existing across multiple fields such as mathematics (Carr, Turner,
& Perré, 2013) and material science (Hou & Wu, 1997). Multiscale models can be classified in two types: one-way or twoway coupled models (also known as serial/sequential or concurrent) (Defraeye, 2014). These classifications are dictated by
whether a model is transferring information in one direction or
two. One-way coupling can be recognized where information is
fed from 1 scale to another, such as the heat, mass, or apparent properties transferred one way from the fine to the coarse
scale. These models are linked in a straightforward manner (Kohout & Stepanek, 2007; Novák, Kočı́, Štěpánek, & Marek, 2011)
and are commonly referred to as upscaling or downscaling. The
calculations are generally kept independent of the solution. Twoway or concurrent coupling allows the subdomains to exchange
data and solve simultaneously; heterogeneous multiscale modeling
(HMM) and equation-free frameworks are examples of two-way
coupling methods (Perré, 2007). Depending on the application,
hybrid one/two-way coupled models can be constructed (Carr
et al., 2013). Various multiscale models have been constructed
over the years such as adaptive model refinement (Garcia, Bell,
Crutchfield, & Alder, 1999) Car–Parrinello method (Car & Parrinello, 1985), multigrid (Brandt, 1977), quasi continuum method
(Tadmor, Ortiz, & Phillips, 1996), HMM (Weinan & Engquist,
2003; Weinan et al., 2007), equation-free framework (Kevrekidis
et al., 2003), distributed microstructure model (DMM) (Showalter, 1993), extended distributed microstructure model (EDMM)
(Carr, Perré, & Turner, 2016) and computational homogenization (Geers, Kouznetsova, Matouš, & Yvonnet, 2017). However,
these approaches are generally valid for specific applications. For
instance, DMM is a very specific framework that is valid for a
domain consisting of two subdomains of a homogeneous material. Due to the specific nature of the DMM framework, it is not
ideal for food processing. EDMM can be considered as a hybrid
DMM/HMM approach, which avoids the use of traditional upscaling techniques. However, EDMM is still in its infancy with
an eventual end goal of being suitable for two-scale multiphase
transport. Therefore, rigorous studies are required to access the
applicability of EDMM for food processing. Additionally, some
techniques such as the Car–Parrinello method (Car & Parrinello,
1985) or the quasi continuum method (Tadmor et al., 1996) could
potentially provide insight but are yet to be applied in the context
of food drying (that is, Car–Parrinello method of bridging different spatial and/or temporal couplings). The HMM and equation
free framework are more generalized frameworks and therefore
could be suitable for application of food drying.
Multiscale modeling is yet to be applied to food drying. However, various studies have been published over the years for both
one- and two-way coupled models. Mathematics is one field
where multiscale heterogeneous material has been investigated.
One-way coupled models for multiphase flow in porous media
(Lunati & Jenny, 2006) and multiscale transport in heterogeneous
porous media have been published. In addition, two-way coupled models exist on unsaturated soils (Carr & Turner, 2014)
and heterogeneous heat transfer in phase transition application
(Lin, Smith, Liu, & Wagner, 2017). Considerable work has been

done on soft matter for one-way coupled models for deformation
(Aregawi et al., 2014), pore transport (Ryan & Tartakovsky, 2011),
gas transport (Ho et al., 2011; Ho, Verboven, Verlinden, & Nicolaı̈,
2010), general transport (Ho, Verboven, Verlinden, Herremans, &
Nicolaı̈, 2013), and porous media (Delele et al., 2009). Material science publications provide some insight into the flow in
porous sand (Szymkiewicz, Lewandowska, Angulo-Jaramillo, &
Butlańska, 2008), composite/porous media (Hou & Wu, 1997),
and multiscale structure analysis (R. van der Sman & Broeze,
2014). The majority of studies published in the field of drying has
been done on multiscale timber drying in two-way and hybrid
coupled models (Carr et al., 2013; Perré, 2010; Perré & Rémond,
2006). In addition, work has been done on vacuum drying
(Kohout & Stepanek, 2007) and rehydration of food (R. G. M.
van der Sman et al., 2014). The majority of these studies cover
individual aspects or phenomena for food material. Incorporating
these phenomena into a multiscale model for the application of
food drying will require extensive modification and adaption to
achieve a concurrent coupling that comprehensively models the
effect of the heterogeneous structure for all drying stages.

Multiscale Modeling Frameworks
Numerous multiscale frameworks exist in the literature. In this
section classical techniques and modern frameworks are presented
in relation to their model formulation and solution techniques.
The techniques which will be focused on are homogenization,
extended multigrid, HMM, and the equation-free framework.
Additionally, domain representation will be introduced and investigated in terms of its importance for multiscale modeling.

Domain representation
Constructing a theoretical model contains several key steps such
as domain selection, model formulation, and solution technique
regardless of the field. For multiscale modeling, the domain selection or representation is a significant process. A dual-scale model
will consist of two submodels each with their own domain. These
domains are required to be coupled to achieve the multiscale
model. In order to achieve an accurate coupling, the fine-scale
subdomain must be represented within the coarse-scale domain.
The domain representation and its associated interactions in this
context are investigated.
Domain representation in each scale. One strategy that achieves
a good balance between the desired results and computational
resources is to represent the microscale domain within a node
on a macroscale level. This allows the reconstruction/restriction
of the state variables (temperature/moisture) from microscale to
macroscale to be simpler. It has also appeared in the literature as
a single point at a macroscale within problems of fewer dimensions (Fachinotti, Toro, Sánchez, & Huespe, 2015; Kouznetsova,
Brekelmans, & Baaijens, 2001). This simplification requires far
less interpolation to achieve a consistent result across the boundary between the fine and coarse scales. In addition, it must be kept
in mind that this strategy will introduce additional assumptions
for the compression/interpolation portion of the coupling from
macro to micro; for example, the state variables at a certain node
are assumed to be constant on the microscale domain.
An alternative approach is to represent the fine-scale domain
as a small region within the macroscale, connected through elements and nodes. This increases the computational resources and
complexity of the coupling. This style of coupling introduces
an additional step within the coupling methodology which will
be required to interpolate between the scales; for example, the
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distribution of the state variables on the fine-scale domain will be
a result of the surrounding nodal results (a similar methodology to
a finite difference form of the heat equation [Zhang, Cao, Feng,
& Wang, 2017]). The advantage of this approach is that the final
result will be more detailed and a true representation of the actual
food material.
Another strategy is to represent the domain as a periodic microscale unit cell. This is a highly effective method for certain
materials, especially when a material has a naturally periodic heterogeneous structure. This strategy is often paired with the first
two methods to achieve a desired model. It is quite common in
multiscale mathematics and can considerably reduce the computational resources required (Carr et al., 2013). In order for the
microscale domain evolution to represent the situation accurately,
the reconstruction strategy selected must be appropriate.
Food structure representation at each scale. Domain selection
is a process that involves the real food structure representation at
each individual scale. There are various ways this can be achieved.
Three common strategies are to generate a domain, create a simplified domain, or use the actual real food structure. For the application of multiscale food drying modeling, how the microscale
domain represents the real food structure is of particular interest.
To generate a domain can be an appropriate strategy but requires
an initial time investment to achieve the domain. Generating a
microscale heterogeneous domain is a complex process. Abera
et al. (2013) created a representative domain of fruit tissue using a
cell-generating algorithm. They compared the generated domain
to Verboven et al. (2008) work. The model was able to generate
different types of tissue and the inclusion of cells, cell walls, and
pores. For more general cases, other cell generation algorithms
have been produced (Abera et al., 2014; Gibson et al., 2011;
Merks, Guravage, Inzé, & Beemster, 2011). Depending on the
application, generating a domain can be an effective approach.
Creating a simplified domain can be considered as a hybrid
method between the generated and the actual domain. Generic
software packages such as MATLAB can be used in conjugation
with imaging methods to create a simplified representation of a
product’s microstructure. This is the most common approach in
the literature and appears in various forms. Rahman, Gu, and
Karim (2018) created a simplified microscale domain with clear
identification of cell and intercellular spaces. They performed a
statistical analysis of the developed geometrical model and microscopic images to determine the accuracy of the proposed method.
The microstructure of foods can be modeled directly. Many imagery techniques and methods exist to model the products directly
over multiple spatial scales (Ho et al., 2013). Typically, when such
imagery techniques are used, much post-processing is required.
Commonly, application-specific custom-built software is utilized.
Commercial versions also exist, such as Simpleware scan IP 7, as
demonstrated by Kashkooli et al. (2016) for the application of
multiscale modeling of lithium battery electrodes. Such software
packages can create the exact microscale structure of a computational domain. This approach generally leads to a very accurate
model but also a computationally demanding model.

equation-free framework. A model’s spatial and temporal coupling
are strongly linked to the upscaling and downscaling techniques
but this will be covered in more detail in our discussion of the
solution techniques.
Homogenization. Homogenization is a traditional mathematical method which allows differential equations to be upscaled
(Hornung, 2012). The homogenization methodology takes a few
forms in literature with various variations existing for individual
applications. Homogenization is centered around working on a
family of functions, commonly denoted as uϵ (with u being a
variable field such as temperature or moisture), to achieve the
upscaling of an equation. In this notation ε represents the spatial
scale parameter. Homogenization is best understood through examples (Pavliotis & Stuart, 2008). If we consider a 1D steady state
conduction problem:


d T (x)
d
k (x)
= f (x) , for x  (0,L)
(2)
dx
dx

T (0) = T (L) = 0

(3)

where k(x) is the thermal conductivity, T(x) is the dependent
variable (that is, temperature), f (x) is a source term, and T(0)
and T(L) are being a set of boundary conditions for the bounded
domain of x  (0,L)
If the domain is considered as a heterogeneous and periodic
material consisting of a series of subdomains (periodic unit cells),
then the problem contains two length scales, a macroscale and a
microscale. The reference problem turns into a multiscale problem.
The small parameter ε signifies the ratio between the macroscale
x and the microscale y, and then results in
y=

x
ε

with the resulting microscale problem:


d
d T ε (y)
k (y)
= f (x)
dy
dy

(4)

in y  (0,1)

T ε (0) = T ε (1)

(5)

(6)

1

∫ T ε (y) d y = 0

(7)

0

Homogenization theory revolves around the limit
Tε → T0
ε→0

(8)

This limit involves considering the scale parameter, epsilon,
tending to zero. This implies that the heterogeneity vanishes, leading to an equivalent homogeneous material (Pavliotis & Stuart,
2008). The homogenized global/macroscale problem results in
Model formulation


Multiscale model formulation has a few key processes that set
d T 0 (x)
d
it apart from traditional single-scale modeling. The model conk 0 (y)
= f (x) , for x  (0,L)
(9)
dx
dx
sists of a method of downscaling and upscaling, in addition to
its spatial and temporal coupling. The classical techniques of homogenization and multigrid are discussed in addition to the more
modern frameworks of heterogeneous multiscale modeling and the
T (0) = T (L) = 0
(10)
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In order to derive the limit, the microscale temperature function
T ε is developed as the following expansion:
 
T ε (x,y) = T1 (x) + εT2 (x,y) + L ε2 + · · ·
(11)
with the space derivatives of
d
∂
1 ∂
=
+
dx
∂x
ε ∂y

(12)

Performing a formal expansion will result in the homogenized
macroscopic property k 0 as
k 0 = k (y) + k (y)

∂
ω (y)
∂y

(13)

The homogenized variable is equal to the average of the microscopic variable plus a corrective term. The reader is directed
to Hornung (2012) or Perré (2007) for examples of applying homogenization to simple and well-known equations and problems.
Homogenization is constructed to produce macroscale results
from a microscale heterogeneous model (Perré, 2007). This makes
it ideal for multiscale food drying modeling and, as a result, homogenization has been the most commonly applied method thus
far in the field. It should be noted that, currently, multiscale food
drying literature is limited or nonexistent. However, individually,
multiscale drying literature of other materials and multiscale food
dehydration literature (excluding external heat sources) has been
published to a certain degree recently (Kohout & Stepanek, 2007;
Li & Wang, 2016; Li, Lv, Wang, Zhao, & Yang, 2015).
The majority of the multiscale models for drying has been conducted on timber. A series of works has been published for the
various length scales for timber (Perré, Rémond, & Turner, 2013;
Perré, Rémond, Colin, Mougel, & Almeida, 2012). Readers are
directed to Perré (2007) for a breakdown of the homogenization
and an in-depth description of the transport which occurs in these
studies. In addition, Perré (2015) provides insight into when it is
appropriate to use two or three state variable equations for multiscale transport modeling. These studies are focused on convection
drying with simple and complex models (with the inclusion of
product variation for the complex models, that is, for timber sapwood or heartwood) being the focus of the work. The software
TransPore was utilized to achieve the multiscale formulation and
solve the model. Carr et al. (2013) produced a particularly insightful multiscale model for timber drying in the hygroscopic range.
The model couples the heat and mass transfer at a microscopic
level while using homogenization. The work uses a unit cell to
represent the fine-scale domain as a heterogeneous periodic structure. However, the model is only applicable for the hygroscopic
range and the initial FW of the product is not considered. This
limits its applicability to food as the initial FW concentration is
important within the process.
Thus far multiscale food modeling has been conducted for dehydration (Fanta et al., 2013; Ho et al., 2014). This excludes
any external heat source and greatly reduces the deformation or
shrinkage when compared to drying. The work published again
utilizes homogenization and has primarily featured upscaled models. Gas and vapor transport have been investigated separately at
a microscopic scale by Fanta et al. (2014) and Ho et al. (2011),
respectively. These studies have been produced on 2D and 3D
microscale work for generated domains of pears. The 2D microscopic results limit the research applications because of the transport within the intercellular space; these issues were raised and

discussed within Fanta et al. (2013). The research was later extended to a 3D microscale domain structure to remove the issues
entirely. Multiscale dehydration models are at the forefront of the
multiscale food modeling and create a strong theory base for future
complex multiscale models for food drying.
Homogenization has the ability to incorporate a materials heterogeneous structure at a reasonable computational cost. In traditional homogenization approaches, the upscaling operation is
performed just once. This means that homogenization is more
computationally efficient than concurrent approaches where the
upscaling and downscaling operations are performed repeatedly.
For food drying the current macroscale approach uses lumped cell
and pore properties, in addition to utilizing the single lumped
value throughout the tissue (Nguyen, Verboven, Scheerlinck,
Vandewalle, & Nicolaı̈, 2006). This is not ideal as large variations can exist within a product due to its structural heterogeneity.
Considering multiphase nature of transport that takes place during drying, some key material properties which should be scaled
include the effective density, effective thermal conductivity and
effective specific heat. These properties influence the macroscale
energy conservation and hence the model. The properties which
require scaling will depend on the drying technology as well as
the purpose of the model.
Homogenization is currently the dominant traditional mathematical technique used to achieve an upscaled model for modeling
dehydration and drying. The models are increasing in complexity as computational resources and the knowledge of microscopic
transport improve. As in traditional homogenization upscaling is
done only once, it is unable to incorporate any microstructural
changes which occurs throughout the drying process. Homogenization is expected to be utilized for many years to come to
achieve multiscale models in partnership with some generalized
frameworks to achieve concurrent or two-way coupled multiscale
models.
Multigrid and extended multigrid. The extended multigrid
framework is one of the earliest examples of applying a classical mathematical technique. As the name suggests, it is based on
the classical multigrid technique and there are various versions,
such as the multiscale multigrid. The basic concept for multigrid
was originally introduced by Fedorenko (1973) before becoming
practical (Brandt, 1977). Brandt (2002) extended the technique
to the application of multiscale modeling. In its classical form the
technique is only directed toward capturing the fine-scale details.
This limited the technique to linear scaling. Brandt’s extension
shares this limitation to a certain degree, but it does allow sublinear coupling (Weinan, 2011). The traditional technique was
designed for algebraic equations that arise from discretizing partial
differential equations and has a general procedure of:
r Interpolation—the current values of interest on the coarse-scale

results are used to initialize or constrain the microscale.

r Equilibration—run the fine-level model (on small windows)

for the required number of steps.

r Restriction—project the variables at the fine level back to the

coarse level.
This procedure is shared by the extended multigrid framework.
One major advantage of the extended variation is that the coarse
and fine scales can be very different and very distant (Weinan,
2011). In addition, problems with different physics at various levels
can be incorporated. It is a generalized approach and has a very
similar procedure as the equation-free framework.
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The extended multigrid or multiscale multigrid is not the first
choice for multiscale food drying. Though variations in the literature have been applied in concurrent models on heterogeneous
media (that is, multigrid homogenization [Boffy & Venner, 2014;
Cecot & Oleksy, 2015; Fish & Belsky, 1995a, 1995b] or multiscale
finite element methods [Hou & Wu, 1997]), all share a similar
methodology. In recent times, the multiscale multigrid framework
has been applied to multiscale boundary turbulent flow, in particular in DNS or LNS simulations (Gravemeier & Wall, 2010;
Gravemeier, Gee, Kronbichler, & Wall, 2010).
Boundary flow for food drying is still a large research area which
has yet to be explored in depth (Defraeye, Radu, & Derome, 2016).
The reader is directed to Defraeye et al. (2016) for further insight
into this area. Multigrid could have potential for multiscale modeling of boundary flow or multiscale transport; however, HMM and
the equation-free framework have more potential for concurrent
models.
Heterogeneous multiscale modeling. HMM has become one
of the most common and well-known multiscale frameworks. It
is a general framework for constructing multiscale models and is
considered a very helpful guide (Weinan et al., 2007). It was first
proposed by Weinan and Engquist (2003) and has since received
significant attention. HMM is only a framework, and applying
it to specific problems can be a highly complex and nontrivial
task (Weinan et al., 2007). It has a very similar methodology to
computational homogenization, although the two often appear
in different fields, computational mathematics and computational
mechanics, respectively (Matouš, Geers, Kouznetsova, & Gillman,
2017). HMM has been discussed and reviewed in great depth
(Weinan et al., 2007). HMM is a top-down framework built for
dual or higher multiscale models. Its formulation is constructed
around having an incomplete macroscale model, commonly represented as
∂t U = L (U ; D)

(14)

where U denotes the state variable field (that is, temperature or
moisture), D denotes the data needed to complete the model
(that is, fluxes or diffusion). The coupled microscale model can be
represented as
∂t u = L (u; U )

(15)

Within this representation the macroscale variable U is transferred to the microscale model (through an assumption, constant,
or interpolation). Representing this HMM approach in its basic
theoretical form results in
F (U ,D) = 0

f (u,d ) = 0;

d = d (U )

(16)

(17)

where d denotes the data required to initiate the microscale mode
(that is, heat, temperature, or moisture). HMM is only interested
in the final results of the macroscale model, the microscale model
being supplementary (Weinan, 2011). It contains two main components, a macroscale solver and a procedure for estimating the
missing macroscale data D using the microscale model. This results
in the state variables, U and u, being restricted and compressed
between the scales throughout the simulation; thus providing a
strategy for formulating the downscaling and upscaling of the
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model. In addition, the data, d , required between the scales must
be constrained and estimated to complete the framework.
HMM or a variation of HMM has been used largely in many
fields such as soft matter, biological science, material science,
and mathematics. Heterogeneous porous media have only been
modeled to a certain degree using this framework (Arjmand &
Runborg, 2016). Lin et al. (2017) constructed a HMM-inspired
framework for heterogeneous heat transfer and phase transition
applications. They coupled a single state variable of temperature
within the concurrent framework. Additionally, the framework
has the ability to be applied to phase transition applications by
allowing the effective properties (that is, density, thermal conductivity and/or specific heat) to be updated at each fine scale data
exchange point. For heterogeneous material, more research exists on computational homogenization than on HMM. Lin et al.’s
approach and methodology has been applied to various types of
problems; for example, thermal (Larsson, Runesson, & Su, 2010;
Özdemir, Brekelmans, & Geers, 2008) and diffusion (Nilenius,
Larsson, Lundgren, & Runesson, 2014). Computational homogenization has been directly applied to problems of porous media
(Sandström, Larsson, & Runesson, 2016; Zhuang, Wang, & Zhu,
2015) and biological tissue (Breuls, Sengers, Oomens, Bouten, &
Baaijens, 2002).
The HMM approach is an example of a concurrent multiscale
framework and requires much more computational resources as
the scaling operations occurs multiple times throughout the simulation. For food drying, a concurrent approach has the ability to
incorporate the microstructural changes which occur throughout
the drying process. The relationship between the microstructural
changes and the properties of the product is not clearly understood from the limited literature available (Rahman et al., 2016).
However, it is well documented that a product’s structure heavily
effect its quality (Ko & Gunasekaran, 2007; Witek et al., 2010). To
achieve a concurrent HMM approach, various parameters require
scaling back and forth between the scales. A brief outline of some
key variables that could be scaled in a concurrent application is
given in Figure 3. To create a consistent model the source term as
well as the boundary conditions should be downscaled. Depending on the purpose of the model the phase specific fluxes, material
properties and cell deformation should be scaled. The upscaling
of the phase specific fluxes will contribute to the mass as well
as the energy conservation. Furthermore, upscaling the material
properties will influence the energy conservation and scaling of
the deformation will be capable of capturing the microstructural
changes (anisotropic shrinkage). In addition, the LBW flux should
be scaled separately to capture the true transport process. With
HMM’s ability to include the microstructural changes, it holds the
great potential for multiscale research in food drying.
Equation-free framework. The equation-free framework is a
bottom-up modeling approach (Kevrekidis, Gear, & Hummer,
2004; Weinan, 2011). It was proposed by Kevrekidis et al. (2003)
drawing on the work of Theodoropoulos, Qian, and Kevrekidis
(2000) and has seen major advancements since then (Roberts &
Kevrekidis, 2007; Samaey, Roose, & Kevrekidis, 2005). It is commonly used when the macroscale model is unknown or not well
understood. This is one of its greatest advantages. The basic theoretical formulation of the equation-free framework considers the
microscopic evolution law and appropriate time stepper as

∂t u (x,t ) = f (u (x,t )) , u (x,t + d t ) = s (u (x,t ) ,d t )

(18)
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Figure 3–Concurrent food drying modeling approach.

with u(x,t ) denoting the microscopic state variables, x and t as the
independent microscopic variables, and d t as the microscale time
step. The equation-free framework assumes a macroscopic model
exists, but its closed form is unknown. Hence the macroscopic
model with its own time step can be represented as
∂t U (x,t ) = F (U (X,t )) , U (X,t + δt ) = S (U (X,t ) ,δt ) (19)
with U (x,t ) representing the set of macroscopic state variables, X
and t being the macroscopic independent variables, and δt being
the size of the coarse time step (macroscale). The framework is
centered on the development of a coarse time stepper and can be
considered instead of stochastic time integration in the space-time
domain. This coarse time stepper can be represented as:
Ū (X,t + δt ) = S̄ (X,t ) , δt )

(20)

with δt being the coarse time stepper. As the macroscopic equation does not exist, this representation is only an approximation of
the time stepper; hence the bars are included in the equation to
clarify this. The framework consists of 3 major operations: lifting,
evolving/simulating, and restricting. Lifting involves the development of appropriate initial conditions at a microscale specifically
mapping the macro to micro variables, a version of downscaling
for this bottom-up framework. Evolving utilizes the microscopic
model with constraints to evolve the results over the time step.
Restricting is the equation-free version of upscaling where the
microscopic model projects the required details onto the macroscopic model and hence the macroscopic variables are computed
from the microscopic state (Samaey et al., 2005). These require
two separate operators, a lifting operator, denoted as μ, and a
restricting operator, denoted as M:
μ : U (X,t ) → u (x,t ) = μ (U (X,t )) ;
M : u (x,t ) → U (X,t ) = M (u (x,t ))

(21)

A series of small subset domains are contained within the microscale model and are interpolated to achieve the multiscale

model. In the simplest form these subdomains are contained within
grid points, utilizing a gap-tooth scheme to project the results on
the unknown macroscopic domain. In complex systems these grid
points become boxes and the gap-tooth scheme is paired with projective integration to enable patch dynamics to be applied (Samaey,
Roberts, & Kevrekidis, 2009).
The equation-free framework has been applied to heterogeneous problems (Bunder, Roberts, & Kevrekidis, 2017; Samaey,
Kevrekidis, & Roose, 2006) with the use of buffer regions to apply common boundary conditions at a microscopic scale (Samaey
et al., 2006). However, the framework has not been applied to
drying. Much has been published on macroscale modeling in the
drying literature, with few details remaining unknown at this scale.
This makes the equation-free framework less incisive as it loses its
major advantage (Kevrekidis et al., 2003). However, when information is known about the macroscopic model, the generalized
equation-free framework can be modified and applied. In particular, knowledge of the structure of the unavailable equation can
be used to modify the time derivative based upon the flux which
is known from the microscopic simulator in space (Samaey et al.,
2005). For more details about the equation-free framework for
the application of the conservation laws in a generalized form, the
reader can refer to Weinan and Engquist (2003).
The ultimate goal of multiscale modeling may be to achieve
a multiscale model, where all phenomena are modeled at a microscale and the macroscale contains the up-scaled results. However, due to the lack of multiscale modeling in the food drying
space, this is currently unfeasible. Furthermore, the limited microscale food drying literature will exaggerate the task. However,
two or more generalized frameworks can be combined to apply
multiscale modeling to a specific problem. Such approaches are
expected to become useful tools in the study of systems with nonlinear material behavior (Kapellos, Alexiou, & Payatakes, 2010).
Other methods. There are many other multiscale methods in
existence. Following the trend of modeling, hybrid methods are
beginning to surface. These hybrid methods will attempt to merge
two or more general frameworks to create a specific framework for
a particular application. One recent example of this is the EDMM
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framework (Carr et al., 2016). The EDMM is thought to be a
hybrid method between HMM and DMM. DMM is also known
as double porosity or dual porosity model and is a quite specific
framework for a domain that contains two subdomains occupied
by a homogeneous material. The EDMM approach generalizes
the framework which most notably defines the macroscopic flux
as the average of the microscopic fluxes within the microscale
domain.

Solution technique
Formulating the multiscale problem is one aspect of the model,
another is the solution technique. For multiscale modeling this includes the spatial and temporal coupling. The multiscale-specific
aspects of these topics will be investigated in relation to the subdomains, state variables, and fluxes. The detailed solution techniques
of multiscale modeling are discussed below.
Spatial coupling. Spatial coupling refers to how the fine and
coarse scales are connected. A multiscale framework provides a
guide to compress or reconstruct the state variables (moisture or
temperature) from one scale to another, but there are many components which must be considered when applying these guides to
specific models and creating a solution technique.
Boundary conditions are one of the most important components
of multiscale modeling. The model contains two major sets of
boundary conditions, a set between the subdomains and a set at the
boundary of the macroscale domain. These deal with the phasespecific fluxes and/or independent state variables (that is, moisture
and temperature). They are considered in a model’s formulation
and solution technique. The set of boundary conditions between
the subdomains are of particular interest for multiscale modeling.
Currently there are some common mathematical boundary conditions such as Dirichlet and Neumann that are commonly used
in these scenarios. A Dirichlet condition treats the variables (temperature or moisture) as fixed (that is, results between the scales
are equal, micro to the macro). This can be represented as
u (x,t ) = C;

U (X,t ) = C

(22)

where u and U are state variables, x, X, and t are the independent
variables and C represents a generic constant (note that the upper
case represents the macroscale variables and the lower case denotes
the microscale variables). A Neumann condition prescribes the
derivative of the boundary variables as fixed (also known as a heat
flux boundary condition). This can be represented as
∂u
(x,t ) = C;
∂x

∂U
(X,t ) = C
∂x

(23)

Dirichlet is quite a straight-forward approach and is commonly
used in many different modeling applications. A Neumann condition also appears regularly in the literature and can be used to
create an energy-consistent model between a microscale and a
macroscale (Lin et al., 2017). Other traditional boundary conditions such as Cauchy or Robin conditions exist. Traditionally
these mathematical boundary conditions are macroscopic in nature; however, they have been applied to microscopic domains in
the literature (Samaey et al., 2009). The equation-free framework
includes buffer regions to compensate for this.
Boundary conditions for multiscale heterogeneous material has
received attention recently from Carr, Turner, and Perré (2017).
A corrected set of macroscopic boundary condition was derived
through volume-averaging and an average plus perturbation decomposition. Their work demonstrates a Robin condition should
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be applied at a macroscale when a Dirichlet condition is present
at a microscale. Yue and Weinan (2007) investigated boundary
conditions for the HMM framework, concluding that a weighted
average was a more robust method for the HMM framework.
The weight average considers the function is smooth, but it vanishes at the boundary, hence resulting in a more robust approach.
Other works for weakly periodic boundary conditions (Sandstöm,
Larsson, & Runesson, 2014), properties or boundary effects
(Rabinovich, Dagan, & Miloh, 2012), and cell boundary errors
(Arjmand & Runborg, 2016) have been investigated for multiscale
modeling over the years. In the majority of cases for multiscale
food drying, a Neumann condition would be the desired boundary condition between the scales. A Neumann condition is also
known as a heat flux and would aid in convergence while allowing
an energy-consistent model.
Boundary conditions are one type of method to achieve appropriate interactions between subdomains. Other methods exist to
achieve different interactions, such as buffer regions, to shield the
internal region from the boundary layer artifacts (Samaey et al.,
2006), transition regions, or interfaces to account for imperfect interfaces (Javili, Kaessmair, & Steinmann, 2014; Javili, Steinmann,
& Mosler, 2017), or oversampling for higher accuracy models
by reducing the effect of artificial boundary conditions (Chu,
Efendiev, Ginting, & Hou, 2008; Hou & Wu, 1997; Zhang, Fu,
& Wu, 2009). Furthermore, there are alternative methods, such as
handshake interaction, which can be incorporated to improve the
interactions of the spatial scales (Weinan et al., 2007). Yousefzadeh
and Battiato (2017) presented a unique hybrid method for the spatial scale boundary interaction for finite volume. Their research
contains a novel nonoverlapping, tightly coupled hybrid algorithm
capable of modeling reactive transport in fractured and porous
media. Selecting boundary conditions for a multiscale model is a
model-specific scenario, though each multiscale framework provides some guidance.
Patch dynamics. Patch dynamics is an example of a specific spatial coupling solution technique. Patch dynamics is defined as a
short-time, short-space scheme designed to be paired with a largespace, short-time framework (Gear & Kevrekidis, 2003; Ioannis G
Kevrekidis et al., 2003). There are two core components of the
scheme, the gap-tooth scheme and projective integration. The
gap-tooth scheme is when a domain’s macroscopic behavior is sufficiently smooth in space, a series of microscopic simulations in a
number of small subdomains can be performed to reduce the complexity (Samaey et al., 2009). These microscopic simulations must
be coupled with appropriate interpolation to achieve the scheme.
The projective integration technique allows the macroscale domain to be extrapolated over a long-time step in the future. This
is represented in Figure 4.
Over the years, patch dynamics has been applied to homogenization problems and heterogeneity situations while evolving
(Hyman, 2005; Roberts, MacKenzie, & Bunder, 2014). Samaey
et al. (2005) utilized the scheme for a parabolic homogenization
problem with nonlinear reactions in order to understand the gaptooth scheme. The effective microscopic behavior was modeled
over the macroscopic space and time. The work was later extended
to investigate the buffer regions in more depth, and it applied and
investigated the accuracy of the scheme for a diffusion homogenization problem with periodic heterogeneity (Samaey et al.,
2006). Dirichlet boundary conditions were utilized and the results
showed the algorithm can be applied to a large number of applications. Buffer regions are examples of a scale-interaction method
and are commonly imposed to temporarily shield the internal
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Figure 4–Visual representation of patch dynamics: (a) full microscale simulation, (b) coarse integration, (c) gap-tooth scheme, and (d & e) combining
the gap-tooth scheme and coarse integration to create patch dynamics. From “Equation-free, coarse-grained multiscale computation: Enabling
microscopic simulators to perform system-level analysis,” by I.G. Kevrekidis, C.W. Gear, J.M. Hyman, P.G. Kevrekidis,O. Runborg, and C. Theodoropoulos,
2003, Communications in Mathematical Sciences, p. 737. Copyright 2003 by International Press of Boston, Inc.

region of a fine-scale domains from the boundary artifacts. In
addition, they are utilized to impose traditional macroscopic
boundary conditions on the microscopic domain (Kevrekidis et al.,
2003; Samaey et al., 2006).
Buffer regions are strongly linked to the original equation-free
framework and are shown in Figure 5. The figure represents the
gap-tooth/patch dynamics coupling for a 1D situation. More recently patch dynamics has been applied to microscale heterogeneity (Bunder et al., 2017). The scheme captures the macroscale
emergent dynamics of the microscale heterogeneous lattice system, and the results demonstrate that the system could be applied
to a range of microscale heterogeneity problems.
Patch dynamics is an example of a spatial solution technique to
achieve multiscale coupling. Patch dynamics or the use of gaptooth/patch dynamics schemes with projective integration has
great potential for multiscale modeling. A patch dynamics scheme
could, for example, take multiscale modeling for complex drying
technologies to the next level by accounting for the nonuniformity
of certain drying technologies.

of each scale time step. Formulating a time step for each scale is
a highly nontrivial task. It can be heavily influenced by a model’s
framework, physics, coupling type, and spatial coupling. In particular, each framework offers some guidance or methods of developing appropriate time steps. Additionally, separate strategies do exist
to add or modify the framework strategies for specific applications;
for example, seamless coupling (Weinan, 2011; Weinan, Ren, &
Vanden-Eijnden, 2009). These additional strategies can both reduce and increase the computational cost of a model. Strategies
for temporal couplings have no set naming scheme. A clear naming scheme was used by Lockerby, Duque-Daza, Borg, and Reese
(2013) and will be followed here. A visual representation of the
most common strategies for micro to macro temporal couplings
can be seen in Figure 6 with the frameworks being included within
this figure.
The basic and most obvious approach is for the micro and
macro time step to be the same. This method includes no scale
separation and has a high computational cost. This is represented
as in Figure 6(a) or can be defined as a fully coupled scheme. An
improvement on this can be seen in Figure 6(b), which shows an
intermittent coupling strategy. The microscale time step is small
Temporal coupling
Another important aspect of the solution technique is temporal compared to the macro time step. The microscale is simulated
coupling. Temporal coupling is considered to be the incorporation for the entire model, but information is exchanged less often. An
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Figure 5–A schematic summary of the gap-tooth/patch dynamics
nomenclature in 1D. From “Equation-free, coarse-grained multiscale
computation: Enabling microscopic simulators to perform system-level
analysis,” by I.G. Kevrekidis, C.W. Gear, J.M. Hyman, P.G. Kevrekidis,O.
Runborg, and C. Theodoropoulos, 2003, Communications in Mathematical
Sciences, p.738. Copyright 2003 by International Press of Boston, Inc.

alternative name for this method is a continuous microscalesolution (Lockerby et al., 2013). Evolving the microscale solution
for the entire transient solution can be computationally demanding. Figure 6(c) represents the multigrid and HMM time-step
approach which is an evolution of this concept (Weinan, 2011).
The information between spatial scale is exchanged in the same
way as a continuous microscheme; however, the microscale
domain is only evolved around the exchange steps (where
information is exchanged from one spatial scale to another).
This results in periods of the microscale time domain being
skipped. It should be noted that these skipped portions within the
microscale model can introduce additional issues as the microscale
domain will require reinitialization after each micro time break.
An alternative to this approach is shown in Figure 6(e) for the
seamless HMM variate. In this scheme the micro and macro time
steps are shown in different scales (t and τ ). The seamless strategy
bypasses the difficulty of HMM and contains a continuous
microscale model. Figure 6(f) demonstrates the continuous
intermittent coupling scheme proposed by Lockerby et al. (2013)
work. The scheme adaptability gives it a range of applicability of
the seamless strategy, while maintaining the macroscale time-step
efficiency of the HMM approach (Lockerby et al., 2013). The
equation-free framework is centrally focused around its time
stepper and is shown in Figure 6(d). It shares the multigrid style
of temporal coupling with information between exchanged back
and forth at each macro time step. Formulating appropriate time
steps is a highly nontrivial task for multiscale modeling.

framework, desired spatial scale, time steps, governing physics at
each scale, their coupling, concurrent or sequential coupling, and
the sub domains´ interaction between scales. All play an important
role in the development of a multiscale model. There are a few
other considerations which must be kept in mind when formulating such a model, such as computational resources and software,
and balance of accuracy over cost and errors.
Though multiscale modeling does largely cut down on computational resources compared to modeling a comparable simulation incorporating multiple length scales, it is still more
computation-heavy compared to a traditional continuum or
macroscale approach. In partnership the software used to achieve
the multiscale model goals is important to consider. Whether
the model is product/technology-specific, generalized, or contains a simple or complex domain will dictate this decision.
Commercial finite element and finite volume software packages exist where one- or two-way models can be achieved.
In comparison, purpose-built software such as TransPore (Perré
& Turner, 1999) or DryKiln CRP (Colin, Rémond, & Perré,
2016), more general/math-based or inhouse software can be
utilized.
The balance of accuracy compared with desired results often
dictates the formulation of theoretical modeling. The common
impression is the more complex the model the better the model
is. This is not always the reality. In real life, accuracy must be
balanced with cost. A model which is highly complex may be more
accurate, but it is likely to cost more in terms of time and resources.
This balance is key to formulating a model. Commonly industry
requires what is referred to as a “quick and dirty model.” This
refers to a low-cost model with a lower accuracy that still achieves
its goal. Academia on the other hand trends toward more complex
models with a higher accuracy and therefore a higher cost. For
example, a researcher may construct a multiphase drying model for
a particular problem when in industry an equivalent single-phase
model would be constructed to model the same problem. Both
achieve the end goal, 1 more complex and resource-heavy than
the other.
Errors are another important consideration for modeling. Traditionally in theoretical modeling there are four types of error,
round-off error, iteration error, solution error, and model error.
These are generic forms of errors and often overlooked in modeling, depending on the field. For multiscale modeling an additional modeling error occurs in the form of scaling error. These
errors are extremely important to consider when formulating a
model.

Challenges for Multiscale Modeling

Multiscale modeling for food drying is still in its infancy. Current knowledge of the fundamental phenomena which occur at
a microscale is limited. This has slowed the progress of multiscale modeling in the field. Adopting a framework to formulate a
multiscale model is ideal. Various methods exist for representing
food structure within a domain. Currently, traditional techniques
such as homogenization have been used to achieve basic oneway coupled food dehydration and drying multiscale models. All
multiscale frameworks presented within this review have potential
for different aspects of multiscale modeling for food drying; in
particular, multigrid for boundary flow modeling and HMM and
equation-free for transport and deformation. The HMM framework is more established and clear in literature. The top-down
Other Factors for Multiscale Modeling
Multiscale modeling is very complex. Many different aspects approach suits the field as a large amount of information is already
must be considered when formulating a model, particularly the known at a macro level. In contrast, the equation-free framework
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a Fully coupled scheme

b Intermittent coupling strategy

c Multigrid and HMM approach

d Equation free

e Seamless HMM variate

f Continuous intermittent coupling scheme

Figure 6–Temporal coupling: (a) fully coupled scheme, (b) intermittent coupling strategy, (c) multigrid and HMM approach, (d) equation free, (e)
seamless HMM variate, and (f) continuous intermittent coupling scheme. (Adapted from “Time-Step Coupling for Hybrid Simulations of Multiscale
Flows,” by D. A. Lockerby, C. A. Duque-Daza, M. K. Borg, and J. M. Reese, 2012 in Journal of Computational Physics, 237, p.346. Copyright 2012 by
Elsevier Inc.)

is a bottom-up approach with its central advantage being that it
does not require much information to be known at a macroscale.
The equation-free framework is similar in nature to the multigrid
in certain aspects. Its formulation is less established in the literature and has seen vast improvements over the years. A complete
bottom-up approach could be desirable where the macroscale observations are direct results of the transport and deformation from
the finer scales. However, with the current lack of knowledge at
micro and finer scales, such an approach seems out of reach. A

HHM framework is more feasible to establish the first concurrent
multiscale models within the field.
Spatial and temporal couplings are extremely important to the
model formulation and solution technique containing multiple
levels of complexities. Each framework provides a guide or suggestion as to how to formulate these couplings, because model
coupling is a very problem-specific scenario dictated by the technology and material in the model. Boundary conditions, boundary
interaction, domain representation, and appropriate time steps all
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play an important role to achieve the multiscale model. Achieving
an appropriate concurrent scheme for the large number of variables, which are required for theoretical food drying modeling,
is a major concern. Food drying contains multiple phenomena
paired with its heterogeneous microstructure requiring a unique
coupling scheme. The development of such a scheme paired with
a multiscale framework will aid to establish multiscale modeling
for food drying.
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an actual heterogeneous microscale food domain and then connect the domain to the macroscale through a multiscale modeling
framework. For multiscale modeling formulation, 2 approaches References
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be noted that literature on traditional homogenization application https://doi.org/10.1093/aob/mcu078
W. A., Abera, M. K., Fanta, S. W., Verboven, P., & Nicolai, B.
in these different fields already exists. The limitation of this ap- Aregawi,
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Breuls, R. G. M., Sengers, B. G., Oomens, C. W. J., Bouten, C. V. C., &

Conclusion
In this paper, a comprehensive review of the formulation and
solution techniques for multiscale models for food drying is presented. Food structure, scale definitions, and the current status of
multiscale modeling are discussed. The review investigated and
evaluated three concurrent frameworks, multigrid, HMM, and
the equation-free framework in terms of their formulation and
couplings. It was concluded that the HMM framework has immediate potential for establishing multiscale modeling for food drying; however, the development of a concurrent coupling scheme
is required for food drying. Spatial and temporal coupling were
also investigated, in addition to the specific solution technique of
patch dynamics. This review has presented multiscale frameworks
in order to aid in establishing multiscale modeling within food
drying.
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Perré, P., Rémond, R., Colin, J., Mougel, E., & Almeida, G. (2012). Energy
consumption in the convective drying of timber analyzed by a multiscale
computational model. Drying Technology, 30, 1136–1146.
https://doi.org/10.1080/07373937.2012.705205
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