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Abstract: Biofilms are a complex and heterogeneous aggregation of multiple populations of mi-
croorganisms linked together by their excretion of extracellular polymer substances (EPS). Biofilms
can cause many serious problems, such as chronic infections, food contamination and equipment
corrosion, although they can be useful for constructive purposes, such as in wastewater treatment,
heavy metal removal from hazardous waste sites, biofuel production, power generation through mi-
crobial fuel cells and microbially enhanced oil recovery; however, biofilm formation and growth are
complex due to interactions among physicochemical and biological processes under operational and
environmental conditions. Advanced numerical modeling techniques using the lattice Boltzmann
method (LBM) are enabling the prediction of biofilm formation and growth and microbial community
structures. This study is the first attempt to perform a general review on major contributions to
LBM-based biofilm models, ranging from pioneering efforts to more recent progress. We present
our understanding of the modeling of biofilm formation, growth and detachment using LBM-based
models and present the fundamental aspects of various LBM-based biofilm models. We describe
how the LBM couples with cellular automata (CA) and individual-based model (IbM) approaches
and discuss their applications in assessing the spatiotemporal distribution of biofilms and their
associated parameters and evaluating bioconversion efficiency. Finally, we discuss the main features
and drawbacks of LBM-based biofilm models from ecological and biotechnological perspectives and
identify current knowledge gaps and future research priorities.

Keywords: biofilm; lattice Boltzmann method; cellular automata; individual-based model

1. Introduction

Bacteria mainly live together, forming complex and heterogeneous aggregations of
structured communities connected together by their excretion of extracellular polymer
substances (EPS). Such aggregates of microorganisms are called biofilms. Biofilms can
consist of bacteria and various non-cellular materials such as mineral crystals, corrosion
particles, clay or silt particles, or blood components, depending on the environment in
which the biofilm has developed. Biofilms often contain one or more microbial species,
which adhere to each other; to surfaces (living or non-living); and to solid–liquid, liquid–air,
liquid–liquid and solid–air interfaces [1]. Biofilms can cause many industrial and biological
problems, such as chronic infections, food contamination, biofouling and equipment corro-
sion, although they have been applied for a variety of industrial applications, such as in
biohydrogen production, fermentative food processing, power generation through micro-
bial fuel cells, biological wastewater treatment and microbial-enhanced oil recovery [2–15].
As such, it is important to understand the mechanisms of biofilm formation, growth and
detachment, as well as their interactions with their surrounding environments, the social
interactions between single-species and multispecies biofilms and the potential applications
of biofilms for environmental protection and enhanced biotechnology. Extensive efforts
have been made to understand the mechanisms of biofilm growth and their interactions
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with the affective signals [3,16–24]. Due to the very complex interactions among physic-
ochemical and biological processes, direct measurement of the impacts of bioactivity on
transport dynamics in 3D structures is very difficult due to sample opacity [25,26]; thus,
many numerical models have been developed to examine biofilm growth, which can be
categorized into discrete or particle-based models and continuum models [27,28].

1.1. Mathematical Models of Biofilms

Biofilm modeling dates back to the 1970s. Biofilms were originally described as
uniform biomasses of single microorganism species [29,30]. The first-generation biofilm
models can be implemented quickly and easily but they cannot capture certain details
of biofilm structures. Later, stratified biofilms were dynamically modeled [31]. These
one dimensional (1D) stratified models were evolved to describe multi-substrate and
multi-species interactions within the biofilm as the second-generation models; however,
the second-generation models were not capable of describing the characteristic structural
heterogeneity of biofilms. As such, discrete models of biofilm growth were developed in
the 1990s and have continued until the current day as the third-generation mathematical
models. Cellular automata (CA) or individual-based models (IbM) are two of the discrete
model types, which have been used for simulations of inherently stochastic and individual
cells and for cell spreading at the local level [32]. The rules used to model the interactions
at the local level can be determined not only through biological principles, but also through
mathematical and physical frameworks using CA or IbM approaches. Hydrodynamics and
multispecies transport are solved using the finite difference method (FDM), finite volume
method (FVM), or finite element method (FEM). As bottom-up models, the third-generation
biofilm models allow the description of the sophisticated two- (2D) and three-dimensional
(3D) structures and morphologies of microbial biofilms. They can incorporate not only sub-
strate transport and transformations [33,34], but also hydrodynamics [35] and population
dynamics [36]. The large-scale morphology dynamics results from the interactions of the
small-scale individual cells and the environment; however, the third-generation biofilm
models have difficulty in accounting for complex non-equilibrium interface dynamics,
multiphase flow with phase changes and complex geometries, such as porous media.

1.2. History of Lattice Boltzmann Equation in Modeling of Biofilms

The lattice Boltzmann method (LBM)-based models are more recent in the field of
biofilm modeling research than others using FDM or FVM. LBM approaches are particle-
based, bottom-up models that are considered suitable for tracing the dynamics and prop-
erties of individual bacterial cells. Conversely, the behavior of individual cells is not
directly tracked in continuum models and the biofilm is modeled using volume- or mass-
averaged behaviors of different functional groups. The first attempt to model biofilm
growth using LBM can be dated back to 1999 by Picioreanu et al. [35,37]. In the 2000s,
many researchers used the LBM approach to study biofilm growth [34,38–41]. In LBM-CA
models, the CA describes the spreading possess for a limited number of directions and with
ad hoc or probabilistic rules [42,43]. In the LBM-based biofilm models, biofilm growth is
simulated through coupling with either IbM (e.g., LBM-IbM) [28,44] or with CA (e.g., LBM-
CA) [3,19,35,37]. In recent years, LBM-based models have been extended to the modeling
of several key processes, such as multispecies competition and cooperation [3], the thermal
effects on biofilm growth [19,20], the effects of pH values on biofilm growth [21] and
heterogeneous permeability in biofilms [28]. The LBM-based models are very effective in
modeling complex multilateral interactions among biofilm growth, transport phenomenon
and hydrodynamics, allowing better and more detailed description of processes in different
industrial or academic applications. Here, we call the LBM-based biofilm models as the
fourth-generation models. Despite remarkable advances in modeling biofilm formation
and growth, the LBM-based biofilm models have not yet been reviewed.

This review aims to synthesizes our understanding in modeling the biofilm forma-
tion, growth and detachment using LBM-based models. We present the fundamentals
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of various LBM-based biofilm models and how the LBM couples with CA or IbM with
their applications for the simulation of spatiotemporal distribution of biofilms and bio-
conversion in biotechnologies and bioengineering. Finally, we highlight the value of
an ecological and biotechnological perspective and identify current knowledge gaps and
future research priorities.

2. Multiscale Biofilm Formation Processes and Lattice Boltzmann Method

Biofilm growth, formation and detachment are multiscale processes in nature [45].
Biofilm growth links cell and population scales and interacts with hydrodynamic and
nutrient. Their multiscale nature requires to incorporate more intracellular states, behaviors
and interplay among biofilm growth, reaction-diffusion and hydrodynamics in quantitative
modeling of biofilms.

2.1. Multiscale Biofilm Processes

Biofilms are ubiquitous in nature and are persistently sticked to both biotic and
abiotic surfaces ranging from the human tooth or lung to a rock submerged in a stream
and/or reactor wall. Therefore, many studies of biofilms have been performed due to
their importance in infectious disease processes in clinical and public health [46] and
bioconversion in biotechnology [19,20]. Medical devices may be colonized by biofilms,
resulting in measurable rates of device-associated infections. Bacterial biofilms are mostly
composed of multiple populations of different bacterial species in hierarchical structure
of a microbial biofilm [47] (Figure 1). Each population needs to be adapted to either
environmental fluctuations, such as nutrient and water availability, temperature, moisture
and pH value, or metabolism and migration of other species. Therefore, the surviving of
any given population in a multispecies biofilm greatly relies on the three universal types
of processes occurring in a biofilm system: transformations (e.g., substrate utilization),
transport (e.g., convection and diffusion) and biofilm formation and growth.
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Figure 2 shows the hierarchical characteristic time scale for microbial biofilm growth
and fluid flow processes that occur in a biofilm community [48]. The order of magnitude
of the characteristic times can be represented by dimensionless forms [48]:

τgr =
1
µ
� τdi f =

L2
F

D
(1)

where τgr is the characteristic time for biomass growth, τdif is the time of substrate transport
by diffusion and LF is the biofilm thickness. The difference of characteristic times could be
large as 10 orders of magnitude, although a specific time scale can change from minutes to
months, relying on the processes of most interest. Biofilm growth has a time scale > 105 s
(~1 day). In contrast, hydrodynamic changes occur at a time scale usually less than 1 s.
This means that hydrodynamic conditions are changed quickly but the change of other
biofilm components is so slow that they can be presumed as a constant state. Thus, this
provides the possibility to reduce drastically the computational effort without sacrificing
accuracy if multiscale modeling approaches are used.
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Figure 2. Characteristic times of different processes occurring in reactive transport and biofilm
systems (Reprinted from [48] with permission from John Wiley and Sons).

There are several numerical methods to simulate transport phenomenon from macro-
scopic continuum media to microscopic scheme (Figure 3). In the macroscopic methods,
the domain is treated as a continuum media such as Navier–Stokes equation which is
used in fluid mechanics and thermodynamics. On the other hand, in microscopic methods
of molecular dynamics (MD), the domain is considered as small particles such as atoms,
molecules or parcels. Both methods can produce acceptable outcomes when the system
involves enough large number of particles.

Molecular dynamics is based on the Lagrangian specification of the flow field in
which an individual fluid parcel or molecule moves through space and time according
to Newton’s law and an intermolecular potential. In CA models, the biomass in a grid is
represented using volume averaged variables of properties (density or concentration) and is
represented as percentage of whole area (2D) or volume (3D). The set of CA rules is used to
describe the interaction of cells with each other and its neighborhood in the lattice network.
Each rule designates one of the main processes occurring in biofilm, such as spreading
direction, biofilm growth and decay and biofilm distribution. Cell movement is limited in
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the finite number of lattice directions. In contrast, the IbM is a type of multiscale models
to represent the interactions among individual cells, population or community [43,49].
A bacterial cell is assumed as a sphere which is characterized by essential variables, such
as volume, mass and density. These spherical cells can locate anywhere in continuous 3D
space and act independently under a set of rules, analogous to behaviors of individual
bacterial cells, such as biofilm growth, cell division and production of metabolites. IbM
allows off-lattice cell movement on a continuous set of directions and distances. This type
of IbMs overcome the drawbacks deriving from the discrete rules to biofilm spreading in
the CA approach [34]. In biofilm modeling, both CA and IbM do not simulate reactive
transport of a solute species and fluid flow. When movement of particles is controlled by
Newton’s law, CA can be used for simulation of hydrodynamics and reactive transport.
Such a CA algorithm is called as lattice gas cellular automata (LGCA) [50].
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range of applicability.

LBM originated from classical statistical physics and lattice gas automata (LGCA) [50].
In LBM, there are two main practical modifications: (1) The distribution functions of parti-
cles replace the tracing of each particle. This allows a group/parcel of atoms or molecules to
represent individual particles and significantly reduces simulation scale from microscopic
to mesoscopic scale, that considerably saves the computational time. (2) The degree of
freedom of particles movement is reduced to restrict the movement of particles to a finite
number of directions. LBM treats flows in terms of fictive parcels of particles which reside
on a mesh and conduct translation according to collision steps entailing overall fluid-like
behavior. The statistical noise of LGCA was eliminated due to using a continuous distribu-
tion function and the collision operator within Bhatnagar–Gross–Krook (LBGK) model [51].
LBM can recover macro governing equations of transport phenomenon, including mo-
mentum, energy and mass transfer using correctly choosing the equilibrium distribution
functions after implementation of the Chapman–Enskog multiscale expansion [52–54]. This
makes LBM more efficient, stable and flexible in hydrodynamics modeling.

Figure 3 shows four groups of methods which can describe the conservation of mass,
momentum and energy at computational grids. These methods have their respective
strengths at different Knudsen numbers. The Knudsen number is the ratio of the mean free
molecule path to the representative system length, which is a characteristic length scale
representing spatial resolution, such as bacterium and the sand size [55]. Navier–Stokes
approaches solve continuum-based partial differential equations using FDM or FVM at
a larger spatial scale, while MD, CA or IbM approaches are suitable processes at microscale.
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LBM and LGCA are at mesoscale between macroscale of Navier–Stokes approaches and
microscale of MD. Therefore, LBM is more suitable for simulations of reactive transport
and fluid flow with biofilm growth at meso or macroscale.

2.2. Lattice Boltzmann Equation

Compared to traditional computational fluid dynamics (CFD) using FDM or FVM,
LBM, due to its fundamental kinetic nature, has a number of key benefits, such as easier
parallelization, handling of pressure field (no need to solve the Poisson equation that is
computationally expensive), complex boundary conditions and geometries and interface
interactions. These advantages make LBM an ideal scale-bridging scheme to integrate sim-
plified kinetic models with hydrodynamics in the simulation of microscopic/mesoscopic
processes and biofilm growth.

In biofilm modeling, the system must be governed by the mass, energy and momentum
conservations with their initial and boundary conditions. The substrate conservation is de-
scribed by the reactive transport equation. The flow field is expressed by the Navier–Stokes
equation and the continuity equation. The set of conservation equations is mathematically
complicated and difficult to be handled analytically. Thus, the set of conservation equations
have been solved using numerical methods, such as FDM and LBM.

In lattice Boltzmann method, as a mesoscopic approach, the movement of groups
of fluid particles are modeled to capture macroscopic quantities such as velocity during
two processes, streaming and collision. This modeling is established using the distribution
function, f (x, c, t), which is defined as the number of particles in time t, with velocity
ranging from c to c + dc, located in the position between x and x + dx. The distribution
function stands as a replacement of each single particle in molecular dynamics which leads
to substantial saving in computational cost and making simulations feasible for larger
computational domain, compared to ones for molecular dynamics.

In LBM, the domain is discretized to uniform Cartesian cells (often squares in 2D
or cubes in 3D). The movement of particles (group of atoms or molecules) is limited to
a number of specific directions, depending on LBM schemes. The DnQm scheme is widely
used for classifying the different LBM methods is. In the DnQm scheme, n represents the
dimension of model (2 for two-dimensional and 3 for three-dimensional) and m does the
number of specific streaming directions. For example, D2Q9 represents two-dimensional
model with nine velocity directions. Table 1 shows several commonly-used 2D and 3D
LBM schemes. For D2Q9, the model equations are expressed as:

fk(x + ck∆t, t + ∆t) = fk(x, t) +
∆t
τ

[
f eq
k (x, t)− fk(x, t)

]
+ ∆tFk (2)

f eq
k (x, t) = ωkρ

[
1 +

ck.U
c2

s
+ 0.5

(ck.U)2

c4
s
− 0.5

U.U
c2

s

]
(3)

where ω = 1/τ stands for collision frequency, τ is for relaxation factor and f eq
k represents

the local equilibrium distribution function. Subscript k denotes the streaming direction of
LBM model. The set of LBM equations can recover the continuity of mass and momentum
(Navier–Stokes) equations by using the Chapman–Enskog multiscale expansion [56,57]:

∇.U = 0 (4)

ρ
∂U
∂t

+ ρU.∇U = −∇p + µ∇2U (5)

To consider all fluid flow, temperature field and species transport, the conservations
of energy and species concentration in the domain can be described as the below reactive
transport equation and temperature equation:

∂T
∂t

+ U.∇T = α∇2T +
qg

ρCp
(6)
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where T is local temperature, α is thermal diffusion coefficient, qg is the heat source.

Table 1. Common Lattice Boltzmann Models.

Model Schematic Velocities Weighting Factors

D2Q5
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Corresponding distribution function for each parameter is required if LBM is ap-
plied to solve scalar parameters such as concentration and temperature in the domain.
Thus, different distribution functions, g and gl , are defined for every scalar parameter,
respectively [19,20].

The g is the distribution function used for temperature calculation:

gk(x + ck∆t, t + ∆t) = gk(x, t) +
∆t
τg

[
geq

k (x, t)− gk(x, t)
]
+ ∆tωkST (7)

where geq
k is the corresponding equilibrium distribution function, ∆t is time step that should

be adjusted by macroscopic time step and ST is the heat source. For the temperature as
a scalar variable, the equilibrium distribution function is determined by [3,19,54,58–60]:

geq
k (x, t) = ωkρ

[
1 +

ck.U
c2

s

]
(8)

The source term, ST , is a function of heat source, qg, as:

ST =
qg

ρC
(9)

As there are more than one species in biofilm growth systems, the concentration field
of multispecies reactive transport can be described as

ρU.∇Cl = ρDe f f
l ∇

2Cl + Sl (10)
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where Cp is the specific heat capacity, Cl represents the concentration fraction of species

l, Sl is the mass generation rate for the species per unit volume and time and De f f
l is the

effective diffusion coefficient of the lth species. Subscript l denotes the lth species.
The concentration field of each species (as a scalar parameter which is similar as

temperature) can be simulated using corresponding distribution functions, gl , defined as
below [3,19–21,59]:

glk(x + ck∆t, t + ∆t) = glk(x, t) +
∆t
τl

[
geq

lk (x, t)− glk(x, t)
]
+ ∆tωkSl (11)

geq
lk (x, t) = ωkCl

[
1 +

ck.U
c2

s

]
(12)

where glk is the distribution function of the lth species.
Having calculated distribution functions, the temperature and species concentrations

are calculated as:
T = ∑

k
gk (13)

Cl = ∑
k

glk (14)

Although each biofilm simulation has its own known and unknown parameters that
affect the simulation process, a general simulation procedure would generally be applicable
to LBM simulations, shown in Figure 4 [19]:

1. Geometry definition: as the first step, the computational domain is defined regarding
to the bioreactor geometry.

2. There are usually three types of zones in the domain as fluid, solid, biofilm that are
updated in this step due to initial geometry or zones calculated in previous time step.

3. Solve the hydrodynamic equations (Equations (2) and (3)) to capture local velocity vectors.
4. Solve energy/temperature equations (Equations (7) and (8)) to find local temperature

and update fluid and species properties, if they are considered temperature dependent.
5. Solve the species transport equations (Equations (11) and (12)), that gives local species

concentration and consumption by bacteria regarding to local fluid velocity, tempera-
ture and concentrations of nutrients.

6. Biomass calculation (its concentration, detachment and shrinkage) in each grid in
order to determine the biofilm growth and spread of growth and spread.

7. Update biofilm pattern, affecting flow connection channels.
8. Return to Step (2) for the next time step, calculations continue up to desired total

simulation time.
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3. Applications of LBM-Based Biofilm Models to Biotechnology and Bioengineering

LBM-based biofilm models are based on the idea that flow field, substrate fields and
temperature field can be solved by LBM while biofilm growth can be characterized using
IbM or CA. Therefore, an LBM-based approach is essentially a hybrid scheme. Because
modeling biofilm growth, detachment, attachment and shrinkage have two approaches:
IbM and CA, an LBM model can couple with one of them to solve interactions among
biofilm growth, flow and reactive transport and temperature. These hybrid models have
shown their capability in representing the biofilm structure heterogeneity. In this section,
we classify the LBM-based biofilm models as three types: LBM with no biofilm pattern,
LBM coupled with CA (LBM-CA) and LBM coupled with IbM (LBM-IbM).

3.1. LBM for Biological Reaction with no Biofilm Growth

LBM can describe biological reaction without tracing biofilm growth. In such LBM model,
flow and reactive transport, such as temperature and substrate concentration, are solved
using LBM. Substrate consumptions are calculated by using zero, the first order or Monod
kinetics but biofilm growth patterns will not be traced. Graf von der Schulenburg et al. [61]
developed an LBM model coupled with a directed random walk algorithm to study the
hydrodynamics of flow induced by biofilm in a randomly packed bed. They investigated
the irregular transport dynamics due to effects of biofilms and examined the effects of
observation time on the displacement distributions (propagators). They reported that
increasing observation time caused propagators to have a transition from a pre-asymptotic
to a Gaussian-shaped distribution. In both situations with and without biofilm growth, this
transition was observed; however, it was very significantly delayed due to the significant
development of essentially stagnant regions if the biofilm was present.
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Zhang et al. [62] used lattice Boltzmann method to simulate fluid flow and mass
transfer and their effects on an herbicide-degrading bacterium growth rate in porous media.
They investigated the effects of the heterogeneity of pore structures and transverse mixing
on the growth of a pure culture (Delftia acidovorans) degrading (R)-2-(2, 4-dichlorophenoxy)
propionate (R-2, 4-DP). Figure 5 shows reaction rate contours in homogeneous and aggre-
gate pore networks. Although they experimentally observed biofilm growth, they used
LBM to simulate the reaction rate without biofilm growth. The results could contribute
to enhance the knowledge of biofilm growth in complex porous media affected by the
coupling between fluid flow, species mass transfer and bioreaction rates.
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Hydrogen is considered as high energy density and renewable energy source and has
an enormous potential to replace fossil fuels. Hydrogen can be generated through some
microbial processes such dark and photo fermentation that are eco-friendly production
technologies having a huge potential to be a leading future-interest energy technology [21].
Yang et al. [63] numerically investigated hydrogen production by photosynthetic bacteria
(PSB) in a biofilm bioreactor using LBM. They investigated the biochemical reaction in
an attached thin PSB biofilm to a circular cylinder considering the curved boundaries.
The substrate consumption efficiency and the hydrogen yield were examined for different
Reynolds and Sherwood numbers that represented different fluid velocity and mass transfer
characteristics. The simulated results were validated against the drag and lift coefficients
and concentration profiles of theoretical/numerical data available in the literature. They
found that the concentrations of both the substrate and products decrease with increasing
Reynolds number. However, they did not include biofilm growth. Liao et al. [64,65]
simulated biohydrogen production through photo fermentation in photobioreactor. They
used LBM to simulate fluid flow and species transport in the bioreactor and evaluated
the impacts of accumulation mode of particles, fluid velocity, porosity of immobilized
granule and illumination intensity on biohydrogen production performance in terms of
the substrate consumption efficiency and hydrogen yield. Figure 6 shows biohydrogen
concentration fields around the immobilized granule [65]. However, they did not consider
biofilm growth as they calculated photo fermentative biohydrogen production assuming
a biofilm region in the domain without considering biofilm growth.
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3.2. LBM-CA Based Biofilm Models

LBM-based models are more recent in time in the biofilm modeling research than
others using FDM or FVM. A summary of all LBM-CA based models is shown in Table 2.
It is common that CA is discretized spatially as same grid of rectangular elements as
LBM. Each grid element has four first-order neighbors and another four second-order
neighbors in the 2D square space discretization. A grid cell is allowed to be filled up
to a predetermined maximum value and a simple rule is employed to locate the extra
biomass in a new compartment. As one of the first studies in the file of biofilm growth
using LBM-CA, Picioreanu et al. [35,37] presented a two- and three-dimensional model
for biofilm growth considering both convective and diffusive mass transfer and cellular
automata approach for the growth calculation. A two- and three-dimensional solute
transport were solved using LBM when convection term was considered, or the FDM if
without convection term. A CA approach was used for the biofilm growth calculation.
This platform simulated bacterial growth, biomass spreading and biofilm detachment for
multispecies and multi substrate biofilms. Figure 7 shows their simulated two-species
biofilm growth on a spherical carrier. Their results showed that the LBM platform is
a useful tool for multidimensional biofilm modeling.
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Biofilm growth in porous media has many important applications, such as, biore-
mediation of contaminated sites, bio-barriers development in groundwater protection,
biodegradation, microbially-enhanced oil recovery, dynamic membrane filters and biofil-
ters of wastewater treatment [21,28,40,41,66,67]. Due to the highly heterogeneous biofilm
growth within porous media, this can cause a decrease of pore space, leading to a reduction
in porosity and permeability of the system and increasing hydrodynamic depression. There-
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fore, understanding biofilm growth in porous media is of interests to achieve an efficiency
of industrial applications matter.

Table 2. Characteristics of LBM-CA based biofilm models.

Ref. Biofilm Growth Dimension Flow Species Temperature pH Consideration

Picioreanu et al.
[35,37] CA-Herbert-Pitt 2D&3D LBM LBM - - Reynolds number, Thiele number

Picioreanu et al.
[48] CA-Beeftink 2D LBM LBM - -

Picioreanu et al.
[68] CA-Beeftink 2D LBM LBM - -

Eberl et al. [34] CA-Monod
kinetics 3D LBM HOC/CDS - -

Knutson et al.
[38] CA-Dual Monod 2D LBM Volume of Fluid

Approach - -

Knutson et al.
[39] CA-Dual Monod 2D LBM Volume of Fluid

Approach - -

Tang et al. [69] CA-Monod
kinetics 2D LBM Finite Difference

Method - -

Benioug et al.
[70]

CA-Monod
kinetics 2D LBM Volume of Fluid

Approach - - Considering Damköhler and Péclet numbers
and dimensionless shear stress

Benioug et al.
[71]

CA-Monod and
Haldane kinetics 2D LBM Volume of Fluid

Approach - - Considering Damköhler and Péclet numbers
and dimensionless shear stress

Delavar and
Wang [3]

CA-Haldane and
Monod Kinetics 2D LBM LBM - -

Reynolds, Prandtl and Schmidt numbers and
variable diffusion coefficient due to biofilm

growth were considered.
Variable properties and source term due to

the local temperature and/or
concentration change.

Modified boundary conditions, shear stress
calculation and extra biomass transfer.

Considering variable properties.

Delavar and
Wang [19] CA 2D LBM LBM + -

Delavar and
Wang [20] CA 2D LBM LBM + -

Delavar and
Wang [21] CA 2D LBM LBM - +

Including spatiotemporal effects of pH
change due to inlet and local acid production

and concentration on the bioprocess.

Two-dimensional models were developed for simulations of fluid flow, substrate mass
transfer, biomass growth and spreading around an irregular biofilm surface [48,68]. In
their model, both diffusion and convection terms of the substrate mass transport were
considered in the liquid phase and only diffusion term in the biofilm-gel matrix. They
evaluated effects of convection and diffusion on biofilm heterogeneity under different mass
transfer regimes. Their results showed that the maximum substrate flux to the biofilm
was significantly affected by both internal and external mass transfer rates. However,
it was observed that the inoculation density did not affect the maximum substrate flux
to the biofilm. Eberl et al. [34] used LBM to simulate fluid flow using a combination of
standard central difference scheme (CDS), high order compact (HOC) method for substrate
concentration and CA for simulation of biofilm growth. They indicated that the solution
algorithms were computationally expensive.

Knutson et al. [38,39] developed a hybrid model in which two-dimensional pore-scale
LBM numerical model was used for flow field calculation, FVM for substrate transport and
CA for biodegradation and biofilm growth. They simulated transvers mixing of species and
biofilm growth within a 2D porous medium. Their results showed a qualitative agreement
between numerical results and experimental ones. They also examined impact of some
parameters, including reaction rate and biofilm shear strength, on biofilm growth and
distribution in the domain. It was found that shear strength of new biomass and solute
degradation rates are the most important factors that control biofilm growth.

Tang et al. [69] developed a pore-scale biofilm model to study biofilm growth in
porous media. LBM was used for simulations of fluid flow using lattice Boltzmann method,
FDM for the concentration of species and CA for biofilm growth. They claimed that they
have included the shrinkage procedure in biofilm growth for the first time. They found that
an insufficient grid accuracy in the narrow liquid paths could cause about 90% reduction
in computational time due to improvement of the numerical instability. Figure 8 shows
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their results for biofilm distribution in pore-space for both numerical and experimental
investigations: (a) numerical and (b) experimental [69].
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Benioug et al. [70] presented a two-dimensional LBM-CA pore scale numerical model
to investigate biofilm growth in porous media. They simulated fluid flow using an im-
mersed boundary LBM and substrate transport was captured using a volume of fluid
type approach. They implemented a combined model of CA algorithm with immersed
boundary methods to account for cell attachment and detachment mechanisms for the
spreading and distribution of biomass in the two-dimensional domain. The dimensionless
parameters, Damköhler and Péclet numbers and dimensionless shear stress, were used
to describe biofilm growth effects on macroscopic properties of the porous media. Their
results showed the capability of the coupled model to predict appropriately the interactions
among fluid flow, species transport and bacterial growth under different hydrostatics and
hydrodynamics conditions. Benioug et al. [71] examined the interaction between biofilm
growth and non-aqueous-liquid (NAPL) dissolution/biodegradation in both abiotic and
biotic conditions to assess the capability of the model. Although the FVM was used to
solve solute transport in the domain, the fluid flow field was simulated using immersed
boundary lattice Boltzmann method (IB-LB). Biomass growth was investigated using a CA
which was same as their previous study [70]. Figure 9 shows the evolution of simulated
biofilm growth on porous media [71]. They studied how the hydrodynamic regimes and
spatial distribution of NAPL blobs affect the distribution rate under different blob size and
Peclet numbers in abiotic conditions.
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In recent years, Delavar and Wang [3,19–21] perform a series of studies using LBM-CA
to investigate impact of different working parameters and signals on microorganisms’
cooperation and competition with their industrial applications. Biofilms are mostly com-
posed of multiple bacteria. As complex consortia of different microbial species, these
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species need to cooperate/compete with their neighbors for nutrient and space to survive.
However, it is an imperative challenge to simulate the competition and the growth of
multiple microorganisms in biofilms due to complex and multilateral interactions amid
fluid, solid and bio-interfaces.

Due to the importance of the competitive growth, Delavar and Wang [3] investigated
effects of aerobic nitrite and ammonium oxidizers in a micro bioreactor using an LBM-CA
platform. If the biomass density in a lattice cell exceeds a maximum value, amount of
the exceeded biomass is transferred to its neighboring grid cell. The selection of the new
location is random or specific to find an appropriate neighbor. Unlike other LBM-CA
models, if there are no empty neighbors, different spreading strategies were be applied
by Delavar and Wang [3,19] to find a transfer direction of biomass according to concen-
tration gradients. Newborn cells would be located to its neighbors with the maximum
concentration gradient. The platform showed the ability to simulate bacterial growth,
biomass spreading and biofilm detachment in multispecies and multi substrate biofilms.
The effects of some parameters, such as the ratio of nutrient transfer rate to the biofilm
and bacterial growth rate, were also investigated under different Reynolds number and
Thiele modulus. Figure 10 shows biofilm concentration and aerobic nitrite and ammonium
oxidizers bacteria in the microbioreactor at different simulation time. Their results revealed
that the inlet nutrient concentrations had substantial effects on biofilm growth in terms
of maximum biofilm concentration, microorganisms’ concentrations, growth pattern and
time. This showed that the LBM-CA framework provides a powerful tool to improve our
knowledge of dynamic multilateral behavior of many complex microbial consortia systems.
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Delavar and Wang [19] developed their LBM-CA further to account for thermal effects
on competitive biofilm growth in a microbioreactor. Two microbial species, aerobic nitrite
and ammonium oxidizers, were considered in three geometrical configurations of the
microbioreactor. Figure 11 illustrates aerobic nitrite oxidizer (red) and ammonium oxidizer
(blue) patterns in different models in a reactor. In all geometries, two heating blocks were
inserted to find and compare the impacts of changing structures and temperatures on
competitive biofilm growth. It was observed that the heating blocks temperatures and
locations had significant effects on both the biofilm growth rate and its pattern.
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A detailed development of a thermal LBM-CA platform was presented with significant
modifications in boundary condition implementation, variable properties, detachment and
extra biomass transfer [20]. The effects of dimensionless number (e.g., Reynolds, Prandtl
and Schmidt numbers) were analyzed. Their results showed that changing temperature
has considerable effects on not only the biofilm growth rate but also the maximum biofilm
concentration in the reactor. For example, it was observed that time to reach maximum con-
centration reduced to 5 days (high temperature case) from 30 days (low temperature case).

Delavar and Wang [21] developed an LBM-CA platform to account for fermentative
biohydrogen production. The platform was successfully used to study dark fermentation
in a microbioreactor. Figure 12 shows calculated pH contours in the microbioreactor
at different acid concentration at inlet. Their results demonstrated that pH is one of
signals affecting the performance of dark fermentation and. Acids are one of the main
byproducts of many dark fermentation processes. A change of local acid production
and inlet acid concentration could significantly affect local pH and dark fermentative
biohydrogen production and extraction rates.
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from [21] with permission from Elsevier).

3.3. LBM-IbM Based Biofilm Models

In LBM-IbM models, hydrodynamics, temperature and substrate transport are solved
using LBM and biofilm growth, formation and detachment are simulated using IbM. Thus,
LBM-IbM can account for large phenotypic heterogeneity in nature resulting from envi-
ronmental differences. A summary of all LBM-IbM based models is shown in Table 3.
LBM-IbM platforms have been used to study biofilm growth in different porous
structures [44,72–74]. Graf von der Schulenburg et al. [44] developed a three-dimensional
LBM-IbM model to examine multilateral interactions among fluid flow, nutrient mass
transport and biofilm growth in porous media. Their results revealed that the permeability
of porous media was highly affected by biofilm growth and showed the necessity of 3D
simulations to capture more accurate results, compared to 2D models. Pintelon et al. [72]
modified an LBM-IbM model to enable it to consider non-zero permeability of biofilms
structures. They examined permeability reduction in porous medium due to the biofilm
growth with a range of biofilm strengths. Their results showed that given stronger biofilms
under constant pressure drop, less biomass deposition and energy input are required
to reduce the system permeability. However, for weaker biofilms, it was observed that
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constant volumetric flow rate was more efficient to decline the permeability than constant
pressure drop. This demonstrated that the significant influence of biofilm permeability on
overall biofilm growth rate at large biofilm concentrations. Biofilm growth in sponge carrier
media (which has a large surface area to volume ratio) was carried out by So et al. [74]
using an LBM-IbM model. The simulated oxygen and biomass distributions inside both
the porous network and biofilm were examined in mobbing bed biofilm reactors (MBBR).
Their results showed that at low detachment rates more clogging happened in outer pores
that limited biofilm growth on the surface region of the sponge.

Table 3. Characteristics of LBM-IbM based biofilm models.

Ref. Biofilm Growth Dimension Flow Species Temperature pH Consideration

Graf von der
Schulenburg et al. [44]

IbM-Monod
kinetics 3D LBM LBM - -

Pintelon et al. [72] IbM-Monod
kinetics 2D LBM LBM - - Flow shear to simulate

the biomass detachment

Pintelon et al. [75] IbM-Monod
kinetics 3D LBM LBM - -

Creber et al. [76] IbM-Monod
kinetics 3D LBM LBM - -

Pintelon et al. [73] IbM-Monod
kinetics 3D LBM LBM - -

So et al. [74] IbM-Monod
kinetics 2D LBM LBM - -

Tian and Wang [28] IbM-Monod
kinetics 2D LBM LBM - - Multiscale

Permeability in biofilms

The fouling of biofilms in reverse osmosis (RO) membrane is one of the important
issues in industrial production of high purity water. In good condition, RO membrane can
remove 99% of mono- and divalent ions. However, biofilm growth can dwindle the fluid
flow and system efficiency if biofilm fouling happens. Pintelon et al. [75] developed a 3D
LBM-IbM model to simulate biofouling in the RO membrane. Monod kinetics was used
for description of biofilm growth. Their simulated results agreed well with experimental
data obtained with magnetic resonance imaging (MRI) techniques. They examined the
effects of biofilm cohesive strength on the membrane pressure drop. It is found that weaker
biomass has lower effects on pressure drop. Some cleaning strategies such as forward or
backward flushing and electro-chemical treatment could be used to remove foulants, in RO
membranes. Creber et al. [76] simulated membrane cleaning and reduction in the biofilm
cohesive strength using an extension of LBM-IbM model proposed by Pintelon et al. [75].
They examined biofilm accumulation and chemical removal in RO membranes. The biofilm
distribution and water flow field in the membrane, before and after cleaning, were captured.
and their simulated biomass changes were in good agreement with experimental data.

In LBM-IbM models by Graf von der Schulenburg et al. [44], Pintelon et al. [72] and
Pintelon et al. [73], the conventional LBGK was used to recover continuity and standard
Navier–Stokes equations. Because Navier–Stokes equation is limited to simulate flows
in porous media due to neglecting the variable porosity and permeability of unresolved
microporosity in solid matrix and biofilms, the permeability of biofilm was considered indi-
rectly through the manipulation of the LBGK relaxation parameter as the pseudo-viscosity
for flow within biofilm-occupied simulation lattice. However, many porous materials,
such as biofilms and soils, include multiscale pores or porosities that can contribute to the
macro-permeability of porous media. Due to importance of the unresolved intra-aggregate
pores in porous media, Tian and Wang [28] presented an LBM-IbM model which recovered
the Darcy–Brinkman–Forchheimer equation. They used a multilayer bounce-back treat-
ment developed by Tian and Wang [77] to account for multiscale porosities in biofilms and
solid matrix. The coupled LBM-IbM model was implemented to study interactions among
oxygen, bioclogging, chemical oxygen demand (COD), biofilm growth and multiscale
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permeability of the porous media and biofilms. Figure 13 shows the porosity distribution
and velocity vectors and the biofilm colony distribution in the domain. Their results
showed a very heterogeneous biofilm growth on the surface of the solid matrix and pores.
In addition, they found a biofilm porosity threshold, beyond which no obvious effects on
the flow rate and COD removal were observed. This demonstrated the capability of the
model to study biofilm growth, clogging and contaminants degradation under various
operational conditions in porous media. The model is potentially applicable to investigate
processes in wastewater treatment.
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4. Current Trends and Upcoming Challenges

LBM-based models are more recent in time in the biofilm modeling research than
other biofilm models. Both LBM-CA and LBM-IbM approaches represent powerful tools
in modeling biofilm growths. Compared to the FDM or FVM, as a meso-scale approach,
LBMs coupled with IbM or CA have advantages to incorporate non-equilibrium interface
processes and events and adopt distinct rules for cell spreading by different bacteria and,
thus, can capture the micro-scale interactions among individual cells, local substrate vari-
ability and macroscopic structure of biofilms. Because geometries generated by computed
x-ray tomography scan, such as porous media, can be directly inputted into LBM solver,
this allows very complex geometries to be simulated [28]. Furthermore, because LBM
solver uses two basic steps: stream and collision, this makes the code efficient and effective
to be parallelized and implemented [57,78].

4.1. Advantages and Disadvantages of Different LBM-Based Models

The LBM-IbM model seems to be very appealing to microbiologists since it allows
individual variability and tracks individual cells as the fundamental units [28,44]. The use
of IbM would become necessary if the biofilm heterogeneity resulting from the intracellular
interaction and their feedbacks between the individuals and the population needs to be
simulated. In IbM, the collective action of individual cells reflects population or community
level properties [79].

For LBM-CA model, a CA approach can use the same lattice grid as LBM. A set of
rules is used for biomass spreading. As a CA grid is much bigger than an individual
cell size, a CA grid is usually occupied by several cells. Therefore, CA does not resolve
individual cells. Instead, CA uses a predetermined maximum biomass in a grid. Under
the maximum biomass, biomass in the grid is represented by its percentage [3,19]. Any
newborn cell in a grid is transferred to its neighbour grids in the biofilm front and the cell
shoving with one another is not required.
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Despite the aforementioned advantages, LBM-based models have disadvantages. First,
because LBM-based models require to calculate distribution functions and then recover
the macro variables, such as velocity, temperature and concentration, LBM-based models
require more computer memory and computational time than FDM [57]. Particularly,
LBM-IbM is very computationally intensive. Because IbM traces every individual cell and
their interaction. Thus, at every time step, shoving and spreading of cells require many
iterations to find appreciated position of every cell. The more the cell number, the more
iterations will require. Thus, LBM-IbM models have been limited at small-scale systems.
However, if the larger sizes of cells (e.g., 10 to 20 µm in diameter) or a parcel of cells are
used, this will allow a larger system to be simulated while still keeping the shoving and
spreading rules for cell redistribution. Furthermore, because individual cells are assumed
as hard spheres and a predetermined shoving parameter is used to simulate the direction
of the biomass movement. Constant biofilm porosity and the elastic contact between cells
can also cause uncertainties.

In CA approach, spreading successfully movements are limited in a number of direc-
tions. The rules of spreading in CA are sometimes arbitrarily formulated. This might lead
to it being aesthetically driven, rather than physically motivated [42].

4.2. Upcoming Challenges and Future Research Perspectives

Biofilm modeling is driven by the scientific and practical interest to understand, control
and engineer biofilms in different applications, such as bioconversion, biofuel production,
wastewater treatment and prevention of biofouling. With the impressive advances in
genetic and biochemical technologies, it has been realized that the biofilms could not
be defined as simply bacteria fastened to a hydrated surface. For example, antibiotic
tolerance in biofilms causes the inability of antibiotic treatment in suppressing bacterial
infections. Bacterial populations produce persisters that exhibit multidrug tolerance and
survive treatment by all antimicrobials but the tolerance of persister cells is different from
inherited, reversible antimicrobial resistance. Persister cells are greatly enhanced in biofilms.
This can lead to difficulty to deal with biofilm-related diseases [80]. Quorum sensing
involves perceiving and responding to extracellular signals of bacterial communities for
competition and cooperation [81]. Furthermore, nutrient and microbial heterogeneity,
quorum sensing and environmental conditions all affect the phenotypic distinctiveness
of the individual stages of biofilm development. Individuals of the same species can
clearly compete with each other, but they need cooperation in the multicellular-level. LBM-
based models require to incorporate these features and behaviors of the complex biofilm
communities as a possible way in controlling and removing biofilms of industrial and
clinical concern [82].

Although IbMs have simulated signal transduction mechanisms in chemotaxis in
the new field of synthetic biology [83] and the integration of intracellular mechanisms
also enables the use of the rapidly increasing amount of metagenomic data, LBM-IbM
or LBM-CA models have not been reported to simulate these complex features. It is still
a challenge to account for different cells, such as active and inert cells, quorum sensing
and antibiotics. Furthermore, biofilm models need to expand their capacities beyond
the illustrative processes and simple geometries because many bioreactors are complex
in industrial applications. However, simplification and parameterization of the general
biofilm models are inevitable to achieve a specific goal in industrial applications. Therefore,
a comprehensive model of biofilm reactors may not require including as many parameters
as possible, but rather, to assess the level of significance of various parameters. This can
make it feasible to capture the main features in the description of the different biofilm
processes as the necessary data can be extracted for the reactor design and operation.

5. Conclusions

In this paper, we revisit a family of the LBM-based biofilm models chronologically. We
present the fundamentals of LBM-based biofilm modeling first and two main integrated
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approaches: the integrated LBM with CA or IbM. Then, we focus on progresses of LBM-
CA and LBM-IbM approaches and their applications. The LBM-based models are very
promising to handle complex multilateral interactions which occur in a bioreactor and
have successfully simulated many complicated phenomena in the biofilm’s dynamics
and interactions between biofilm growth and hydrodynamics in different industrial or
academic applications. However, long-term challenges exist in modeling biofilms when
bridging different spatiotemporal scales, such as multispecies competition and cooperation,
community assembly, cell-to-cell signaling, quorum sensing, antimicrobial resistance and
cellular motility. Addressing these challenges would inevitably need a combined approach
that not only selectively couples multiple relevant models by adding their strengths, but
also the incorporation of new findings. LBM-based models doubtlessly offer new ways in
understanding the dynamics of biofilms and controlling the biofilm formation and growth
in public health, biotechnology and bioengineering and microbiology.
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