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HIGHLIGHTS GRAPHICAL ABSTRACT

e Upgraded dynamic model combining
anaerobic kinetics, fouling and biomass
detachment.

e Accurate prediction of substrates, SMP,
CH4 production, and TMP.

e Effect of cycle duration on methane
yield, fouling intensity, and net energy
balance.

o Control of fouling and support longer
membrane lifespan under optimal
strategy.

Impact of cycle duration on energy consumption and methane yield
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ARTICLE INFO ABSTRACT

Keywords: In this study, a dynamic model based on the AM2b anaerobic digestion framework was modified to simulate an
Membrane fouling anaerobic membrane bioreactor, including the return of detached biomass to the bioreactor bulk during physical

Granular sludge

Soluble microbial products
Anaerobic digestion
Dynamic modeling
Operational optimization

backwashing. The identified model accurately captured the evolution of soluble microbial products, achieving a
determination coefficient of 0.88, and its relevance was further confirmed through a post-operation character-
ization of the fouling layer, with relative errors between predicted and measured transmembrane pressures
ranging from only 3.2% to 16.6% following refinement of fouling-related parameters. Then, the model was used
to optimize the net energy balance (NEB) by simulating scenarios operated at filtration/backwash cycle durations
(Teye) ranging from 5 min to 8 h. Results indicate that while total energy consumption remains relatively stable,
methane production and NEB are affected by cycle duration. Longer cycles result in decreased biogas recovery
due to membrane fouling and reduced microbial activity. Although the permeate pump represents only 6% of
total energy use, its contribution increases slightly with extended cycles. The NEB reaches its maximum at short
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cycles (5-10 min) and declines progressively, with losses of up to 9% at 8-hour cycles. These results underscore
the critical role of Ty, optimization and the underlying attachment-detachment dynamics of the fouling layer.

Nomenclature

Parameter Description

AnMBR Anaerobic Membrane BioReactor
ADM1  Anaerobic Digestion Model N°1
AM2 Anaerobic digestion Model N°2

AM2b  Anaerobic digestion Model N°2 with SMP dynamics

Ao Entire membrane surface (m?)

A(t) Dynamic of filter surface (m?

by Yield of degradation of SMP by X; (—)

bs Yield of production of S, from SMP (—)

bs Yield of production of SMP from S; (—)

by Yield of production of SMP from S, (—)

COD Chemical Oxygen Demand

CgH4 Methane concentration in the gas phase (mg-L™1)

Cém Dissolved methane concentration in the liquid phase
(mgL™h)

Cs Attachment coefficient of substrates (—)

Csmp Attachment coefficient of SMP (—)

Cx Attachment coefficient of biomass (—)

DWWT Domestic WasteWater Treatment

G-AnMBR Granular Anaerobic Membrane BioReactor

Jp Applied filtration volumetric flux (L-m~2-h~1)

Jp2onet  Permeate volumetric flux at T = 20 °C (L-m2h™

Jew Applied physical cleaning volumetric flux (L-m~2h™")

ky Yield of degradation of S; by X; (—)

ko Yield of production of S, from S; (-)

ks Yield of degradation of S, by X5 (—)

ky Yield for CO, production by S; degradation (L-gCOD™)

ks Yield for CO, production by S, degradation (L-gCOD™)

ke Yield production of methane (L—CH4-gCOD'1)

K half-saturation constant associated with S; (g-L’l)

K, half-saturation constant associated with Sy (g~L’l)

Ks half-saturation constant associated with SMP (g-L_l)

K; inhibition constant associated with S, (g~L’1)

ka1 Decay rate of the biomass X; (™

ka2 Decay rate of the biomass X, G@™hH

me Cake layer mass (g)

m Optimal mass of cake layer (g)

NEB Net Energy Balance (Wh-m™3)

OLR Organic Loading Rate (kgCOD-m~3.d1)

Qin Feed flow rate (L-h™1)

Qout Outlet flow rate (L-h™1)

Quw Sludge extraction flow rate @wh™H

r'dcop COD degradation rate, expressed in (gCOD-L’1~h’l)

TpCH, Methane production rate, expressed in (L-CH4L7%h™h

Ro Membrane intrinsic resistance (m™?)

Rc Cake layer resistance (m™YH

Rp/Bw Filtration-cleaning ratio (—)

Rp Pore blocking resistance (m™bH

R; Total resistance (m™!)

SMP Soluble Microbial Products

Sp Pore blocking mass (g)

Siin Inlet organic matter concentration (g~L’1)

Soin Inlet volatile fatty acids concentration (g-Lfl)

SECp Specific Energy Consumption of the Permeate pump
(Wh-m %)

9% Backwashing time for optimal control (s)

o™ Backwashing time for temporized mode (s)

¢ Physical cleaning time for optimal control (s)

M Physical cleaning time for temporized mode (s)

Teye Filtration/Backwash cycle duration (min)

TMP TransMembrane Pressure (Pa)

u Control variable =(1 or —1)

u Optimal control variable = [-1 1]

A% Reactor volume (L)

VFA Volatile Fatty Acids

Xq Acidogens concentration (g-L’l)

X5 Methanogens concentration (g-Lfl)

2 Experimental values

¥i Mean of the experimental values

¥i Model-predicted values

o Specific cake-layer resistance (m-g ')

o Specific pore blocking resistance (m-g ')

i} Fraction of SMP blocking the pores (-)

€ Porous surface fraction (—)

Asar Saturation degree (—)

Y Fraction of St blocking the pores (—)

c Fictive cake layer mass (g)

o' Fictive pore blocking mass (g)

il The permeate viscosity (Pa-s)

Pmax1 Maximum acidogenic biomass growth rate on S; ()

Hmax2 Maximum methanogenic biomass growth rate on S, (™

Msmpmax Maximum acidogenic biomass growth rate on SMP )

TpCH, Methane yield, defined as the volume of methane produced
per gram of COD removed (L—CH4~gCOD;im0ved)

® Detachment rate of reversible fouling (h™!)

o' Detachment rate of internal fouling (h™?)

1. Introduction

Controlling energy consumption has become a major challenge in the
operation of membrane-based treatment systems (Maaz et al., 2019). In
this context, anaerobic membrane bioreactors (AnMBRs) have emerged
as a promising alternative for domestic wastewater treatment (DWWT),
combining the benefits of anaerobic digestion, such as low sludge pro-
duction and energy recovery through biogas, with the effective solid-
-liquid separation offered by membranes (Das et al., 2022; Gao et al.,
2025; Mannina et al., 2021). However, the performance of these systems
can be severely compromised by membrane fouling phenomena,

biomass washout, and a biological dynamic (Abuabdou et al., 2020).
Membrane bioreactors (MBRs) incur notable energy demands, pri-
marily associated with permeate pumping, sustaining membrane flux,
and, specifically for aerobic systems, the energy-intensive aeration
required for biological activity. Modeling studies report that the total
energy consumption of aerobic MBRs is around 2 kWh-m ™ for munic-
ipal wastewater (~0.4 g COD-L™Y), largely driven by aeration (Gao
et al., 2025; Martin et al., 2011). AnMBRs, although they eliminate
aeration, still require energy for filtration, with reported consumptions
ranging from 0.27 to 0.45 kWh-m 3 for submerged systems, while side-
stream units can be more demanding due to higher cross-flow velocities
(Lei et al., 2018; Seib et al., 2016; Uman et al., 2021; Zielinska and Ojo,
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2023). Fouling control, mainly through biogas sparging, accounts for
0.08-0.35 kWh-m ™3 (up to 70-86% of the total demand) and can in-
crease overall consumption to 16 kWh-m™ under constrained side-
stream conditions (Li et al., 2023; Tomczak et al., 2023; Zielinska and
0Ojo, 2023). However, AnMBRs stand out from aerobic systems thanks to
methane produced from the organic matter in wastewater, which can be
valorized on-site, offsetting part or even all of the treatment energy
demand (Jiménez-Benitez et al., 2023). Depending on operational con-
ditions (e.g., OLR and dissolved methane recovery), the recoverable
methane energy typically ranges from 0.15 to 0.7 kWh-m ™ (Kong et al.,
2021; Lei et al., 2018; Sanchez et al., 2022; Vinardell et al., 2020). This
recovery can substantially offset overall energy demand, reinforcing the
potential of AnMBRs for sustainable wastewater treatment and the need
for integrated modeling to optimize their operation.

In this context, integrated modeling has become essential for un-
derstanding and optimizing AnMBR systems (Robles et al., 2018). While
adapted activated sludge models such as ADM1 are parameter-intensive
and poorly suited to explicitly incorporate membrane fouling (Batstone
et al., 2002), simplified dynamic models such as the AM2/AM2b
(Benyahia et al., 2024), provide effective descriptions of anaerobic
digestion and methane production, including soluble microbial products
(SMP). These models have proven effective in reliably describing
organic matter degradation and methane production. On the physical
side, various fouling models have been developed to represent pore
blocking and cake formation and are often coupled with hydraulic or
energy models (Chaaben et al., 2025; Gao et al., 2022; Jang et al., 2024).
Recent studies have sought to integrate these biological and physical
aspects into unified models to better capture the complexity of MBR
systems (Gonzalez et al., 2018; Mannina et al., 2021).

However, most existing models overlook a critical phenomenon in
AnMBRs: the remobilization of biomass and substrates attached to the
membrane during backwashing or relaxation phases. Neglecting this
leads to mass imbalance, especially in low-load systems where attached
biomass may represent a significant fraction of the active biomass.
Moreover, the attachment/detachment dynamics of biomass and its
typically lower biological activity in the biofilm strongly affect treat-
ment performance and energy production (Jo et al., 2016; L. Smith et al.,
2015). Additionally, introducing granular sludge into AnMBRs (G-
AnMBRs) further enhances biomass retention, methane production, and
process stability. Dense microbial aggregates promote sedimentation
and reduce sensitivity to hydraulic variations (Gonzalez et al., 2018).
The intrinsic complexity of the system, arising from physico-chemical
interactions and cyclic filtration operations, makes its behavior diffi-
cult to predict without rigorous modeling tools. Accordingly, several
studies have used coupled models to assess the impact of backwash
frequency on TMP and identify energetically optimal operating cycles.
On the other hand, Ho and Sung (2010) demonstrated that microbial
activity in biofilms is significantly lower than in suspended sludge (Ho
and Sung, 2010); more recent works have further shown that biofilm-
associated and suspended biomass exhibit distinct microbial commu-
nity dynamics and functional limitations due to mass transfer con-
straints in MBRs (Harb et al., 2015; Kim et al., 2023; Sohn et al., 2024).
This justifies the need to optimize filtration cycles to limit the growth of
a low-activity biofilm.

Against this backdrop, the present study proposes an enhanced
coupled modeling framework extending previous AM2b-based AnMBR
approaches. The model integrates AM2b with a two-resistance fouling
model (cake formation and pore blocking) and explicitly accounts for
the return of detached material during physical cleaning, ensuring mass
balance closure and capturing the impact of fouling-layer biomass on
biological activity. The model is identified and validated using experi-
mental data from a continuously operated G-AnMBR pilot. The proposed
framework explicitly captures the coupled effects of fouling, back-
washing, and biomass immobilization on methane production and net
energy balance (NEB), an aspect that has not been addressed in existing
AM2b-based AnMBR models. In particular, the influence of filtration/
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backwash cycle duration on energy recovery is systematically analyzed.
As such, the proposed coupled model offers a systemic analytical
framework to explore trade-offs between treatment efficiency, fouling
control, and energy recovery, and constitutes a valuable basis for
energy-oriented optimization and control of G-AnMBR systems.

2. Materials and methods
2.1. Experimental set-up

The entire experimental setup was designed and manufactured in the
mechanical workshop of the European Membrane Institute (Montpellier,
France). The biological reactor is a sealed opaque PVC tank, with in-
ternal dimensions of 266 mm (length) x 68 mm (width) x 523 mm
(height). The reactor had a liquid working volume of 6.2 L and a gas
headspace of 2.2 L. The pilot operation is controlled by a Programmable
Logic Controller (PLC) designed by AC2I Automation (France). A flat
polyethersulfone (PES) membrane (Microdyn-Nadir®, Germany) with a
pore size of 0.04 um and a filtration surface area of 0.34 m? is immersed
at the center of the G-AnMBR reactor. The membrane module consists of
three sheets (25 x 25 cm), with 5 mm spacing between them, and in
center is a hole with diameter about 8.6 cm. Permeate suction from the
center of the membrane is achieved using a peristaltic pump controlled
by the PLC. An intermittent filtration cycle was applied, comprising
8 min 15 s of filtration(F), 30 s of relaxation(R), 45 s of backwashing
(BW), and another 30 s of relaxation(R), as the only direct actuator to
limit membrane fouling (No gas sparging). The backwash flux was set at
15 LMH. The backwash water is drawn from the treated wastewater
storage tank. Continuous recirculation from the top to the bottom of the
reactor was used to provide an Upflow Liquid Velocity (ULV) of 2.6
m-h™! (Table 1 and Appendix A).

The G-AnMBR consisted of a single integrated unit combining an
anaerobic bioreactor and a submerged membrane module. The reactor
configuration and inoculation strategy have been previously described
in detail in (Sanchez et al., 2023), and are only briefly summarized here.
The system was inoculated with granular sludge obtained from a mes-
ophilic (35-38 °C) Upflow Anaerobic Sludge Blanket reactor treating
wastewater from a recycled paper factory operating at an OLR of 18
kgCOD-m >-d%. This sludge was gradually acclimatized over 20 months
to low-strength wastewater (0.5 kgCOD-m 3.dY), under hydraulic
retention time (HRT) ranging from 10 to 30 h, achieving COD removal
efficiencies of 80% +15%, and at 25 °C, prior to the start of the present
study. The total solids concentration in the G-AnMBR was maintained
between 70 and 80 gTS-L™!. No sludge was extracted throughout the
experimental period, except for periodic sampling.

A complex synthetic influent was prepared to simulate domestic
wastewater, following the protocol described in previous studies (Layer
et al., 2019). The feed solution was renewed weekly and stored at 4 °C
for up to one week. On average, the influent composition during the
experimental period was approximately 290-350 mgCOD-L ™ for total
COD (tCOD), 250-290 mgCODLf1 for soluble COD (sCOD), 40-60
mgCOD-L™! for particulate COD (pCOD), and 160-210 mgCOD-L™! for
volatile fatty acids (VFA).

Table 1

Operation conditions of AnMBR.
Parameter Unit Value
Operating d 50
JDP20net LMH 3.6+ 1.4
HRT h 49 +1.2
OLR kgCOD-m 3.d! 1.6 + 0.7
Temperature °C 252+ 2.0
pH - 7.4£02
Redox mV —478 + 23
ULV m-h™! 2.60 + 0.03
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2.2. Analytical methods

Influent, supernatant, and effluent samples were collected to mea-
sure total and soluble COD concentrations using commercial kits (Hach,
Germany; LCK 500, 314, 514). Soluble COD concentration was then
determined after pre-filtration of the samples through a 0.45 ym mem-
brane filter. The supernatant was sampled from the top of the biological
tank. The difference in soluble COD between the influent and the su-
pernatant was attributed to biological removal, while the difference
between the supernatant and the permeate was attributed to membrane
removal (Biofilm and membrane cut-off). Volatile fatty acids (VFAs)
were regularly analyzed using ion exclusion chromatography (ICS-900,
Dionex, USA; BP-OA_2000 column, Benson Polymeric Inc., USA)
coupled with a UV detector at 210 nm. HoSO4 (0.05 N) was used as the
eluent at a flow rate of 0.4 mL-min . All samples were filtered through a
0.22 pm membrane prior to HPLC-UV analysis. Total and volatile sus-
pended solids (TSS and VSS) in the mixed liquor were measured ac-
cording to Standard Methods (Lipps et al., 2023).

Produced methane was measured in the gas and liquid phases. The
gas-phase flow rate was continuously monitored using a volumetric flow
meter (MilliGas Counter, Ritter, Germany). The methane (CH4) and
carbon dioxide (CO3) contents, in gas phase, were quantified using a gas
chromatograph (GC 7890B, Agilent Technologies, USA) equipped with a
thermal conductivity detector (TCD) and a stainless-steel packed column
(Porapak Q, 2 m x 3 mm) (Sanchez et al., 2022). The dissolved methane
(CH% (mg-L ™)) was quantified experimentally following the headspace
method described by (Giménez et al., 2012; Sanchez et al., 2022).

The saturation degree (A,q) was calculated based on the theoretical
value of methane dissolved in the liquid phase (C’&H4) calculated ac-
cording to the Henry’s law thermodynamic in equilibrium with the gas
phase as described in Eq. (1)

L
Cén,

Age = ——Ha
" H(T)-CE,

(€8]

Where C8H4 is the methane concentration in the gas phase (mg-L™!) and
H(T) is the dimensionless temperature-dependent Henry’s constant for
methane (Giménez et al., 2012).

2.3. Process modelling

Coupled (or integrated) models take into account the two main op-
erations of the MBR process: biological treatment (“biomass kinetics™)
and physical treatment (“membrane filtration”) (Fig. 1) (Hamedi et al.,
2021; Mannina et al., 2021). These coupled models are essential to link
the impacts between biological processes and the separation step.
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2.3.1. Anaerobic biological kinetics

The biological dynamics follow the AM2b model proposed by
Benyahia et al., (2024), developed for AnMBR systems which assumes
that the biological system is reduced to two microbial populations:
acidogenic bacteria (X;) and methanogenic bacteria (X3). Then, acido-
genic bacteria (X;) convert organic matter (S;) into volatile fatty acids
(S2), which are then consumed by methanogenic bacteria (X3) to pro-
duce methane (Table 2). The growth and decay of both populations
generate SMP, composed mainly of proteins and polysaccharides, which
are key contributors to membrane fouling mechanisms such as pore
blocking and gel layer formation (Drews, 2010; Guo et al., 2022).

Taking into account the biological reactions and assumptions
described above, the concentration dynamics of Xj, X, S1, S and SMP
linked to biological activity in the bioreactor can be described in
equations (2), (3), (4), (5) and (6), respectively.

Jra (X1,81, SMP) = (4 + pgyp — ka1 )-Xa (2)
S, (X2,82) = (p —kaz) X2 3)
f5,(X1,81) = —ky-p X )
52 (X1, X5.51,55,SMP) = — Kty Xy + (ko-pty + ba-fisyyp) X ®)

fomp(X1,X2,81,82,SMP) = (bs-pty +ka1 — by -pigyp)-X1 + (ba-pty +kaz)- Xz
(6)

As demonstrated in the literature about ADM1 and AM2 model
(Batstone et al., 2002; Bernard et al., 2001), the growth kinetic p; of
acidogens (X;) by consuming COD (S;) and the growth kinetic psyp of
acidogens (X;) by consuming SMP expressed in Egs. (7) and (9)
respectively, are based on Monod function. However, the growth kinetic
po of methanogens (X3) by consuming VFA (Sz) expressed in Eq. (8) is
based on the Haldane function considering the inhibition effect on
acidogens growth with a high VFA concentration.

S
1) = Hypere 7
ﬂl( 1) ﬂlmaxKl_,’_Sl ( )
S.
/42(52) = Himax 2 s2 (8)
Ky + 82 +2
SMP ©)

Hsmp = Hsmpmax m

2.3.2. Coupled model with membrane dynamics (coupling the model with
the membrane step)

The contribution of soluble components (“Sp = S; + So” and “SMP”)
and particulate components (“Xr = X; + X3”) to the formation of the
cake layer m¢(t) depends on the reactor hydrodynamics, through the

Influent Biological process Membrane
(Syin) = Filtration
Flow Growth (p,S,X,) SMP (SMP) Treated water
—_— ut
Qin Acidogenic (X,) |
S, < 25mg/L
Water s, < 10mg/L

(Sai)
Growth (p,S,X,)

Methanogenic (X)

Methane

SMP (SMP)

W.Mmy,

Semp < 30mg/L

Physical cleaning

w.my,
w.mg

Fig. 1. Coupled model modified AM2b for G-AnMBR.
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Table 2
AM2b model reactions.
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Acidogenesis and SMP production:k; S; —»X; + k2S2 + bsSMP + k4CO,
Methanogenesis and SMP production:k3S;—Xz + bsSMP + ksCO, + k¢CHy
SMP degradation:b; SMP—X; + b2S2 + k7CO;

SMP production from biomass decay: kg X1 —kg1 SMP, kgoXo—kgSMP

attachment coefficients C, for soluble components and C for particulate
components. Based on previous studies (Benyahia et al., 2024; Sanchez
et al.,, 2023), the attachment coefficient for soluble products (Cs) is
consistently much lower than that for particulate matter (Cy). Addi-
tionally, the contribution of substrates “St” and “SMP” to pore
constriction Sy(t) with fractions y and B, respectively, was also consid-
ered. Both components, m¢(t) and Sy(t), have their own dynamics: they
increase during the filtration phase and decrease during the back-
washing/relaxation phases. Instead of adopting Benyahia’s assumption
that the material attached to the membrane is negligible compared to
that present in the reactor (an assumption that could lead to biomass
washout due to the loss of these materials from the mass balance), this
model has been upgraded by accounting for the impact of sludge
entrapped on the membrane, as well as the contribution of material
detached during backwash to the bulk suspension. The mass of the cake
layer was also divided according to its composition into particulate
components (my1(X;) and mxy(X2)) and soluble components (mg (S, S,
SMP)). By convention, a control variable u = 1 is assumed during the
filtration phase and u = -1 during the physical cleaning phase. The
dynamics of the mass m.(t) and Sy(t) during filtration and physical
cleaning phases were proposed as shown in equations (10-14):

. 1+u 1-u

My =—5— (QourCx1-X1) — 5 (wmy) (10)
. 1+u 1-u

M = —5— (Qour'Cx2-X2) — (@-mys) (€8]

g = L1140, -(Zc-vs-+c -SMP)fl_u(aym) 12)
S — 2 ut Si*Oi SMP s

me = My +Mxy + Mg (13)
. 1+u 1-u ,

Sp = ?-(QDW(/JSMP +y-Sr)) — — (@'Sp) 14)

To avoid unnecessarily complicating the model, the amount of soluble
products detached during the physical cleaning phase was considered
negligible relative to the amount present in the influent (equations
(16-18)). Under these assumptions, the reinjection of detached material
into the mass balance accounts only for the particulate fractions
(equations (15) and (16)).

¢ 14+u/Q, Q 1-u/wmym Q
Xl :fXI (Xl ? Sl ? SMP) - 2 (TM'Cxl +7w>X1 + 2 ( VXl — wal
(15)
; 14+u/Q, Q 1-uf/omg Q
Xz :sz (X27S2) - 2 ( Vm'Cx2 +7W)X2 + P ( VXZ _VW.XZ)
(16)
; 1+u/Q 1-u
S =fs,(X1,81)+ 5 <%'slin - lP51'51> - (Q—‘;/'Sl) a17)
S 14+u/Q 1-u
S2 = fiu (X1, X2, 81,52, SMP) + <%.52m _ ‘Psz‘52> - (QT}VSZ)
18)
. 1 1
SMIP = fip (X1, Xz, 51,82, SMP) + = ( — Wy SMP) ——— (Q—VWSMP)

(19)

Tsi = Q‘o/ut (1 — (Csi + }’) ) +%}V and lPsMp = Q‘O/m (1 — (CSMP +ﬁ) ) +QT;V
(20)

2.3.3. Constant flux model: Series resistance model

The AM2b model is coupled with a two-parameter fouling model that
accounts for cake layer fouling and pore blocking (Benyahia et al., 2024;
Sanchis-Perucho et al., 2024): i) The first mechanism is caused by the
mass m(t) of particular compounds that accumulate on the membrane
surface, also referred to as cake layer formation or cake fouling, and ii)
The second mechanism is due to colloidal or soluble compounds Sy(t)
retained within the membrane pores in the form of SMP and substrates
S; and S, referred to here as pore constriction. Their concentrations are
not assumed constant but are dynamically simulated based on biological
activity. These compounds can be smaller than the pore size and are
known to progressively clog the membrane pores.

The proposed modeling approach, grounded in the series resistance
concept, enables a dynamic decoupling of the different fouling mecha-
nisms (solids accumulating on the membrane surface vs. SMP-induced
pore blocking). According to this framework derived from Darcy’s
law, the membrane fouling model for systems operating at a constant
permeate flux (Jp) is expressed by equation (21).

TMP = J,-p(Ro + Re(m.(£) ) + Ry (Sp(t) ) ) @n

Jp: Permeate flux (LMH), TMP: Transmembrane pressure (Pa), p: dy-
namic viscosity (Pa.s), R: intrinsic membrane resistance (m’l), R.: cake
layer resistance (m~ 1, and Rp: pore blocking resistance (m™1). The total
resistance (Ry) accounts for both cake formation and pore blocking.
The resistances R. and R;, depend on the mass m(t) and the con-
centration Sy(t), respectively, as well as on the filtration surface area.

Re(me(t)) = a(';%)) L R(S,0) =d (fg((?)) 22)

a: specific cake resistance (m-g 1), «": specific resistance of pore blocking
(m-g™1), A(t): dynamic of filter surface (m?), and e: initial membrane
porosity.

The effective filtration surface area of the membrane is assumed to
vary during operation, and is described in equation (23):

14m0 50

o

A(t) (23)

Ay: initial membrane surface (m?), ¢ and ¢’ half-saturation cake layer
and pore blocking mass, respectively, of the effective filtration surface
(8.

The parameters ¢ and ¢ represent characteristic half-saturation
masses of the effective filtration surface, i.e., the amounts of cake
layer or pore-blocking foulants required to reduce the effective mem-
brane area by 50% when acting alone.

However, in practice, after each backwashing or relaxation cycle, a
certain quantity of m¢(t) and Sy(t) remain attached, progressively
contributing to irreversible fouling. Over time, the effective surface area
A(t) gradually decreases, resulting in a sustained degradation of mem-
brane performance.
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2.3.4. Biogas production

2.3.4.1. Modelling of methane production. The biogas produced during
the biological process, according to the reactions in Table 2, consists of
carbon dioxide (CO3) and methane (CH4). The key advantage of
anaerobic digestion lies in the generation of methane, which can be
considered an energy source to offset the energy demand of this treat-
ment process. The high methane content is beneficial for the energy
balance and indicates good performance of the methanogenic microbial
populations (Chen et al., 2020).

In this model, only methane (CH4) production is considered, as it
represents the energetically valuable fraction of the biogas. Methane is
produced in a single step during the methanogenesis (Table 2) and is
described following the approach of Bernard et al., (2001) (Equations
(24)-(26)). The methane production rate is assumed to be equal to the
biogas production rate, as transient effects in the liquid phase can be
neglected under the constant OLR used in this study.

T'pcH, = kﬁ’ﬂz'Xz (24)

Tacop = ((k1 — ka)-pty + ko pigyp ) X2 + (ks — ba)piy-Xo (25)
T,

frcs = rZZI;; 26)

Tpch,: Methane production rate, expressed in L-CH4-L™h™Y, rycop: COD
degradation rate, expressed in gCOD-L™1.h~!, Tpch,: Methane yield,
defined as the volume of methane produced per gram of COD removed,
expressed in L-CH4~gCOD}ém0ved, and ke: Yield coefficient for methane
production, expressed in L-CH4-gCOD™.

2.3.4.2. Experimental determination of methane production. Table 3 re-
ports the key outcomes measured at an OLR of 1.6 + 0.7
kgCOD-m*3-d’1 (Sanchez et al., 2022). The methane gas flow reached
2.42 + 0.20 NL-CH4-d" ! at steady state. The dissolved methane con-
centration was 12.8 mg-CH4-L ™}, representing about 14.3% of the total
methane produced. In the methane mass balance, the total methane
production rate is therefore computed as the sum of the gas-phase flow
and the dissolved methane leaving with the liquid effluent. The total
methane yield was 0.31 =+ 0.03 NL-CH4-gCODremoved .

3. Results and discussion
3.1. Modified-AM2b identification

The modeling of experimental data from the G-AnMBR was carried
out based on the study campaign operated at permeate flux of 6.0 + 1.4
LMH (Appendix A), while the campaign, operated at a flux of 4.1 + 1.2
LMH, is used to validate the model. For the identification, data collected
over a period of approximately 50 days were simulated using the
modified AM2b model described in Section 2.3. An experimental vali-
dation approach was implemented to assess the agreement between the
model-generated results and the experimental measurements. In other
words, the model was compared to experimental data to best calibrate
the system outputs. Parameter identification was performed in MATLAB
R2020a using the fmincon algorithm with a constrained least-squares

Table 3
Methane production (liquid and gas).
Unit Value

Gaseous methane flow rate NL-CH,-d! 2.42 +0.20
Gaseous methane yield NL-CH4-gCODremoved™ 0.27 + 0.03
Dissolved methane concentration mgCH,-L™! 12.8 £ 0.7
Dissolved methane flow rate NL-CH,-d! 0.35 £+ 0.03
Saturation degree (Asq) (Eq. (1) — 2.0+ 0.1

Total methane yield NL-CH4-gCODremoved™ 0.31 £ 0.03

Bioresource Technology 447 (2026) 134229

objective function (Eq. (27)), in order to optimize the attachment co-
efficient (Cx, Cs) and the backwash efficiency (w and w'). Model per-
formance was assessed through the coefficient of determination (R?)
(Eq. (28)).

LS = Z i —5:)° (27)
~  —\2

R2:1— " (}'i—}'i) (28)
2 i =)’

¥i: Model-predicted values, y;: Experimental values, and y;: Mean of the
experimental values.

Default biological parameters were taken from previous studies
(Benyahia et al., 2024; Bernard et al., 2001), whereas a limited number
of biological parameters and all fouling-related parameters were esti-
mated in this study using experimental data, and are presented in
Table 4.

To calibrate the biological model against the experimental data, the
selection of the parameters to be estimated was determined by the
measurements available in the dataset. The estimated biological pa-
rameters listed in Table 4 were identified using the least squares (LS)
method in order to accurately reproduce the observed biological dy-
namics, namely the variations of the outlet substrates (S;, Sz, SMP) and
the methane (CHy4) production.

As a synthetic influent was used, SMP concentrations at the reactor
inlet were assumed to be zero. SMP were therefore generated exclusively
by biological activity through biomass growth and decay processes. A
fraction of SMP was assumed to contribute to membrane fouling pore
blocking, based on experimental fouling layer characterization (Sanchez
et al., 2023).

During this campaign, substrates (S; and Sy) and SMP and comple-
mentary analyses under various flux and OLR conditions showed con-
centrations ranging from 13 to 50 mg-L ™. Integrating the reintegration
of detached biomass into the model proved essential, as it markedly
improved the consistency of the predicted profiles. With this modifica-
tion, the identified model successfully reproduced the observed sub-
strate trends as SMP, achieving an R? of 0.88 (Fig. 2), and providing
more accurate predictions than the original formulation.

The results indicate that substrate degradation proceeded rapidly,
with S; and S, approaching steady-state conditions as early as day 6
(Ramakrishnan and Surampalli, 2012; Duong et al., 2020; Sanchez et al.,
2022). In contrast, SMP responded more slowly and only stabilized after
approximately 10 days, reflecting their continuous production during
both acidogenic and methanogenic stages, as well as their release
through microbial decay. In addition to soluble substrates, biomass
accumulation in the bioreactor was assessed through VSS measurements
at the end of the experimental period. The VSS concentration was
measured at approximately 71.1 + 4.3 gVSS-L™!. The accumulation of
VSS observed at the end of operation corresponds to an apparent
biomass yield of about 0.1 gVSS~gCOD;émoved, highlighting the low
sludge yield characteristic of G-AnMBRs (Sanchez et al., 2022).

The filtration-related parameters were estimated (Table 4) by fitting
the model outputs to the experimental system data (TMP) using the least
squares method. The attachment coefficients (Cx, Cs, and Cgyp) are the
fractions of biomass and substrates that attach to the membrane, which
is defined as being between 0 and 1. The physical cleaning efficiencies w
and w' are expressed in terms of frequency, i.e., their ability to detach
attached material per unit of time must be positive. The specific cake
resistance («) is highly variable depending on particle size, porosity, and
cake compressibility, with typical values in MBRs ranging from 1 x10*!
to 1 x10™ m-kg’1 (Du et al., 2020).

3.2. Membrane fouling

The developed model simulates both reversible and irreversible
fouling, represented respectively by the mass of the cake layer deposited
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Table 4
Default biological parameters from literature sources (Benyahia et al., 2024; Bernard et al., 2001), and estimated biological and fouling parameters obtained using LS
method.
Parameter Value Parameter Value Parameter Value
Default biological parameters b (-) 1 K (gL 0.71 Hmax1 (h™H) 1.2
ba (-) 0.5 Kz (gL 0.14 Bmaxz (W) 0.48
bs () 2.5 K3 (gL Y 0.6 Psmpmax (™) 1.2
by (-) 0.095 K (gL 15 ka1 = kgz (h™1) 5x10%
Estimated biological parameters ki (-) 2 ka (-) 1.5 ks (-) 2.6
B(-) 0.52 ¥ (=) 0.25 Ke (NL-CH,4-gCOD ™) 0.826
Estimated fouling Parameters Cx (-) 0.097 Cs, Csmp (—) 2.25x10° oth™) 2.05
o'(h™ 3.76 x 10°° a(m-g~1) 6.3x 10" o«(m-gh) 1.0x10'°
¢ and ¢ (g) 12.5
simulated values, and the relative errors between both sets of data.
i 02 S Exberimental data’ The relative errors between the model predictions and the experimental
n = 0.1 —— Simulated data values range from 3.2% to 16.6%. This discrepancy may be attributed to
o, the decline in permeate flux observed after day 25 of operation, which
0 T % + + was not accounted directly by the model.
1] 10 20 30 40 50
T T T T 3.3. Methane production
=~ 0.4 |
") -l 0.05 . ] The methane flow rate in the gas phase at steady state was 2.42 +
) o - - . — - 0.20 NL-CH,-d"! when operating the reactor at an OLR of approximately
0 10 20 10 40 50 1.6 £ 0.7 kgCOD-m~3.d%.
Fig. 4 shows the calibration of the model to the experimental
o ' | methane production data, corresponding to the operating conditions
[ :I ) presented in Table 1. A good agreement between the modified AM2b
% o 205 1 model and the experimental data was observed, with a determination
~ 0 . . - coefficient of R = 0,995. The optimal value identified for the methane
0 10 20 30 40 50 yield parameter kg was 0.83 + 0.05 NL-CH,4-gCOD™.
Time (d) The experimental steady state methane yield is around 0.314 NL-

Fig. 2. Temporal variation of bulk substrate concentrations; S;, S; and SMP
(gL71) in the G-AnMBR.

on the membrane surface (m.(t)) and the mass of particles obstructing
the pores (Sp(t)). At the end of the G-AnMBR operation, the membrane
was removed from the reactor to examine in detail the composition and
reversibility of the fouling layer through a quantitative analysis (mass
‘m,’) and a qualitative characterization (VSS, TSS, and SMP). This post-
operation assessment was used to evaluate the accuracy of the model in
reproducing the experimental TMP and to refine the fouling-related
parameters.

As shown in Fig. 3(a), the simulation curve indicates that the iden-
tified model accurately reproduces the experimental TMP data over the
full 50-day period, with a determination coefficient greater than 0.94.
The TMP profile can be divided into two phases: a transient phase from
the start of operation until day 9, during which fouling progressed
rapidly (4.9 kPa-d™!), and a steady-state phase from day 9 onward, where
TMP variation became negligible (~0 kPa-dD). According to Fig. 3(c),
the cake layer mass stabilized after 10 days at 45.1 + 0.9 g-m 2. Under
steady-state conditions, the mass of pore-blocking particles increased
linearly, confirming its irreversible nature. Although particulate matter
dominated the cake layer mass, the continued rise in pore-blocking
resistance indicates that soluble and colloidal compounds, including
SMP and residual substrates, mainly drove irreversible fouling. After 25
days, permeate flux declined, leading to a slight decrease in TMP;
however, this reduction was not proportional due to the large membrane
deposit and ongoing pore blocking.

To validate the identified model, parameters obtained from opera-
tion at flux of 6 + 1.4 LMH were used to predict TMP variation during
system operation at 4.1 + 1.2 LMH and the model accurately repro-
duced the experimental data with an R? of 0.97 (Fig. 3(b)).

Table 5 summarizes the experimentally measured parameters
available only at the end of the operation, their corresponding model-

CH4~gCOD;£moved with SD + 0.030 and the model one is equal to 0.338
NL—CH4~gCOD;£moved. This difference may be due to the absence of dis-
turbances in the model in contrast to experimental system which in front
of different disturbances like temperature, pH, potential redox,... and
error of measurements.

3.4. Effect of total period cycle on system performances

Fouling was controlled by periodically limiting the cake layer (m.(t)
and Sp(t)) through backwashing and relaxation. Backwashing was
applied by reversing the permeate flow to detach part of the cake and to
dislodge pore-blocking particles, whereas relaxation was implemented
by halting filtration to suppress convective deposition forces and pro-
mote back-diffusion, thereby partially disrupting the fouling layer. In
this context, the influence of the cycle duration (Tcy. = filtration +
physical cleaning) on the NEB, defined as the methane production (en-
ergy recovered) relative to the specific energy consumption of the
permeate pump (SECp), was investigated. To isolate the effect of cycle
duration, the filtration-to-backwashing ratio (Rg/gw) was kept constant.
Since the actual dynamics of the deposited mass during the different
physical cleaning steps are not well characterized experimentally, both
mechanisms were assumed to have an equivalent effect during param-
eter identification and were therefore combined into a single physical
cleaning phase.

To this end, a constant Rgpw was maintained across simulations,
while the total cycle time was varied over a 50-day operational period.
Model outputs show that longer Ty values lead to proportionally higher
SEC,, (Fig. 5, Table 6) as the TMP is higher. This is attributed to increased
accumulation and compression of fouling on the membrane, as longer
filtration phases delay the initiation of cleaning. Consequently, TMP
remains elevated for extended periods, intensifying energy demands.
Moreover, the compressed fouling layer becomes more resistant to
removal, further reducing the efficiency of physical cleaning (Poorasgari
et al., 2015).
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Fig. 3. (a): Simulated TMP fitted on experimental TMP and experimental net permeate flux variation during the calibration phase of the model, under an applied flux
of 6 + 1.4 LMH and HRT = 4.9 + 1.2 h; (b): Model validation on TMP data and experimental net permeate flux variation during system operation at applied flux of
4.1 £ 1.2 LMH and at HRT = 7 + 0.7 h, (c): simulated evolution cake layer mass (m.) and resistance (R.), pore blocking mass (S,) and resistance (Ry,), total resistance

(R and available membrane surface (A), obtained from the calibration results.

Table 5
Comparison of the experimental data with the simulated one when operation
was terminated.

Parameter Experimental value Model value Relative error (%)
m¢/Ao (gm~2) 45.9 44.4 3.2

R (m™1) 5.7 x10%® 6.6 x10%° 16.6

Ry (m™) 3x 10" 3.2x 10" 7.0

Riot (m™) 5.7x 10" 6.6 x 10" 16.5

A (m?) - 0.143 -

(—): Not Defined.

While maintaining a constant Rg/pw, variations in the overall Ty
were found to significantly affect the methane production rate. Simu-
lation results revealed that longer cycles lead to a reduction in methane
yield. In the model, the fouling layer is assumed to consist of biologically
inactive attached biomass. As the filtration phase is prolonged, a larger

fraction of the active microorganisms becomes trapped and remains
inactive for a longer period. Consequently, the effective biomass
remaining in suspension to degrade organic substrates decreases. This
effect is directly reflected in the mass balance: the concentration of
active biomass available for conversion (X) governs the substrate
degradation rate through the growth term p-X. When a larger fraction of
biomass becomes immobilized within the fouling layer, suspended
biomass decreases, reducing the net biological conversion term in the
substrate balance. Two factors reported in the literature support this
modelling assumption: i) attached communities generally exhibit lower
metabolic activity than suspended sludge (Cheng et al., 2019; Kim et al.,
2023), and ii) substrate diffusion toward the membrane surface, as well
as contact time, is limited in non-mixed systems (Harb et al., 2015),
further restricting the activity of the attached biomass.

Based on the methane produced from COD conversion, the energy
potentially recovered from DWWT was calculated. For the evaluation of
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Fig. 4. Model adjustment on experimental methane production data during system operation under an applied filtration flux of 6 + 1.4 LMH, corresponding to HRT
= 4.9 + 1.2 h; (a) Accumulated methane volume (NL-CH,4) over time, (b): Steady-state methane yield (NL-CH4.gC0D'1).
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Fig. 5. Variation in specific energy consumption of permeate pump (SECp, kWh/m?®) and the specific methane production yield (Y_CH,, LCH4-gCODrehoved) as a

function of the cycle duration.

Table 6

Energy balance over 50 days of system operation.
Cycle period System total energy required % of the energy consumption of Recovered energy produced Total energy produced NEB
(min) (Wh-m~3) permeate pump (%) (Wh-m~3) (Wh-m~—3) (Wh-m~3)
5 120.0 6.1 618.7 721.9 498.7
10 120.0 6.1 618.5 721.7 498.5
20 120.0 6.1 618.1 721.3 498.0
30 120.0 6.1 617.7 720.8 497.5
60 120.0 6.1 616.3 719.1 495.7
120 120.1 6.1 612.4 714.6 491.3
240 120.2 6.2 601.7 702.1 479.6
480 120.2 6.4 573.4 669.1 450.2

the recoverable energy, only the gas-phase methane is considered, and
the fraction leaving in the liquid (14.3%) is treated as an energetic loss.
The energy balance in this study was calculated considering only
methane recovered in the gas phase. This choice reflects current oper-
ational practice in AnMBR systems, where dissolved methane is gener-
ally not recovered without additional separation units. Any further

improvement in energy performance would depend on the imple-
mentation and efficiency of dedicated dissolved methane recovery
technologies (e.g., degassing units or membrane contactors), as well as
on operating conditions such as temperature, which affects methane
solubility. Based on the methane produced from COD conversion, the
potential recoverable energy was estimated by converting the total
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methane flow into its energy equivalent. Methane was transformed into
energy using its lower heating value (LHV = 9.94 Wh-L-CHz 1), allowing
direct calculation of the energy that can be theoretically recovered from
the anaerobic digestion process (Dong et al., 2022; Shao et al., 2023).
Table 6 provides an overview of the NEB variation and energy required
for DWWT process at ambient temperature.

When operating with an AnMBR, the energy demand is partially
offset by the methane produced, which enhances the value of this type of
system thanks to a more favorable NEB. As shown in Fig. 5, the duration
of the filtration/physical cleaning cycle influences both the SEC,, and the
efficiency of methane recovery; however, the magnitude of these effects
remains relatively limited under the operating conditions tested.

Table 6 summarizes the influence of the operating cycle duration on
both energy consumption and energy recovery, and consequently, on the
NEB of the system. The total energy consumption remains nearly con-
stant across all tested cycle durations, with an average value of
approximately 120 Wh-m™3. In this context, the permeate pump ac-
counts for only about 6.20% + 0.16 of the overall energy demand,
which is largely dominated by other components such as the recircula-
tion pumps (=~ 30-40%) and temperature control at 25 °C (=~ 50-60%)
(Martin et al., 2011; Sanchez et al., 2022). However, in other membrane
filtration configurations —for instance, in inverted gravity systems or in
the absence of thermal regulation and recirculation— the permeate pump
may become the main or even the sole source of energy consumption.
Under such conditions, changes in cycle duration result in only minor
variations in NEB. Nevertheless, longer cycles progressively increase the
energy required for permeation due to declining membrane perme-
ability. Extending the cycle from 5 min to 8 h raises the SEC,, by about
5%. Consequently, the NEB decreases with increasing cycle duration: the
highest NEB is obtained at Tcyc = 5 min, and extending the cycle to 30
min produces only a negligible loss (0.2%). A 2-hour cycle yields a more
noticeable reduction (1%), while the most pronounced effect occurs at
Teye = 8 h, where the NEB drops by nearly 9.7%. These results highlight
that although gains remain modest in the present setup, excessively long
filtration cycles can impose a clear energetic penalty when pump con-
sumption becomes dominant.

3.5. Optimal control

In addition to experimental validation and the analysis of cycle
duration on the NEB, an initial application of optimal control was con-
ducted to demonstrate the model’s potential for energy-oriented process
management. The coupled model was used to optimize filtration/
backwash cycles based on the formulation of Aichouche et al. (2020),
which minimizes SEC, under operational constraints using the Pon-
tryagin Maximum Principle applied to a simplified filtration model
(Appendix B).

Two operating regimes were considered: a transient phase (0-10
days), dominated by rapid cake accumulation, and a pseudo-steady-state
phase (t > 10 days). For each regime, control parameters were identi-
fied, and the corresponding optimal inputs 4; and tiz were determined.
The determination and the practical implementation method of the
optimal control (singular mass (m) and singular control (1)) is presented
in Appendix B—(B2). For modeling, relaxation and backwashing were
assumed to have equivalent detachment effects, and their durations
were adjusted proportionally to the experimental operation (Eq. (29)).
For instance, the duration of the backwashing step in the optimal
strategy (t9%) was calculated based on the ratio between the experi-
mentally applied backwashing (¢f¥) and total physical cleaning dura-
tions (£2¥).

tTM
taw = - tec 29)
tPC
Where ¢3¢ is physical cleaning time for optimal control.

To evaluate the efficiency of the optimal control, two simulations

10
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were carried out until final time (tg) corresponds to a total volume
produced Vg (Vg = 1.914 m®) as follows: i) #Run 1: the first determined
control 7i; = 0.61 —using transient phase model- is applied until Vg is
reached; where ©; corresponds to a cycle of 8min5sF/32.5sR/50sBW/
32.5sR, and ii) #Run 2: the second determined control i, = 0,83 —using
pseudo-steady-state phase data- is applied until Vg is reached; where i,
corresponds to a cycle of 9min10sF/14sR/22sBW/14sR.

Over time, a SECp was calculated to evaluate the performance of
control strategies. For Run1, the SECp is initially slightly lower than that
obtained with the classical strategy during the transient regime, indi-
cating better energy performance at this early stage. However, as the
system approached the pseudo-steady-state regime, this advantage dis-
appeared and SEC,, eventually exceeded that of the classical strategy,
showing that the optimal control derived from the transient regime does
not ensure long-term energy efficiency. In contrast, Run2 initially
exhibited a slightly higher SEC, than the classical strategy, indicating
lower short-term efficiency. However, SEC, decreased more markedly
over time, and under steady-state conditions, Run2 became more
energy-efficient, ultimately achieving a lower SEC, than the classical
strategy.

For a total filtered volume of 1.914 m®, the application of optimal
control achieved a positive energy saving only for Run2 of 6.05% at the
permeate pump compared to the classical strategy (Fig. 6(b)). By miti-
gating fouling, Run2 enabled the system to reach the target permeate
volume 10 days earlier and increased the net permeate flux by nearly
20% due to shorter cleaning periods. Reduced backwashing frequency
also lowered reagent use and membrane aging. However, the optimal
strategy resulted in a lower NEB, as methane recovery decreased from
618 to 490 Wh.-m 3. The pumping energy saving (0.22 Wh-m~>)
remained negligible compared to the loss in recoverable methane energy
(-128 Wh-m™3).

In conclusion, the marked difference between the optimal control
profiles u; and u; confirms that the optimal strategy evolves signifi-
cantly from start-up to steady state. The long-term effectiveness of open-
loop optimal control depends on system transient dynamics and model
identification accuracy, supporting the need for an adaptive approach.
Maximizing net energy recovery will ultimately require coupling bio-
logical and filtration dynamics.

4. Conclusion

This study aimed to develop and validate an integrated dynamic
model for granular anaerobic membrane bioreactors, explicitly coupling
biological processes, membrane fouling mechanisms, and filtration/
backwash operations. Particular attention was given to the impact of
cycle duration on fouling behavior and net energy performance. The
modified AM2b model, which accounts for the return of detached solids
during backwashing, accurately reproduced experimental trends for
substrates, SMP, methane production, and TMP. Model predictions of
fouling indicators showed good agreement with post-operation mea-
surements, with relative errors below 17%. While the SEC, remained
nearly constant at around 120 Wh-m 3, methane production and NEB
were strongly influenced by cycle duration. Short filtration/backwash
cycles (5-10 min) provided the best energy performance by limiting
fouling while maintaining methane production. Finally, the application
of optimal control proved effective in reducing SEC,, and future work
should focus on integrating methane production into the objective
function.
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(a), Cumulative Hydraulic pumping energy consumption (Et) (Wh) (b), for Temporized Mode, Runl, and Run2 over time.
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