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ARTICLE INFO ABSTRACT

Keywords: Anaerobic digestion (AD) has been widely applied for extracting energy from organic wastes. Optimization of AD

Anaerobic digestion operation is difficult because of its complexity. Therefore, an effective control of the AD process has become a

f.DMl. . popular area of research. Anaerobic Digestion Model No. 1 (ADM1) is the most commonly applied model for
inearization

predicting and controlling the performance of an AD system. However, it requires extensive model calibration/
validation steps to improve its accuracy and sensitivity. In this study, ADM1 was modified by linearizing
biochemical process equations to develop a linearized ADM1 (LADM) to be implemented in a model predictive
control (MPC) for AD systems. Then, both ADM1 and linearized ADM1 (LADM) were firstly applied for a lab-scale
AD system and their performances in predicting biogas production of the AD system were compared. The results
showed that the LADM had a very similar performance to that of ADM1, as the mean relative error (MRE) of the
former was 1.3%. However, the computational cost of the LADM was 18% and 15% lower than that of ADM1, as
calculated by using Matlab’s two integrators, i.e., ODE45 and ODE15, respectively. Then, the lab-scale AD system
was operated by the MPC with LADM implemented. As a result, a very accurate prediction of the biogas pro-
duction could be obtained. The MRE of the model prediction of biogas production for 80-days AD operation was
only 6.9%, indicating that the LADM and MPC scheme developed in this study are promising for application in

Computing cost
Model evaluation

the process control of an AD system.

1. Introduction

Anaerobic digestion (AD) is a common process that converts organic
waste into CH4 and CO,. As environmental protection requirements
increase, the discharge limits are becoming stricter, although green-
house gas emissions have become inevitable in waste treatment pro-
cesses [1]. The biogas produced through AD processes can be efficiently
converted into other forms of energy (electricity and heat) with very
little emission of hazardous pollutants [2]. Thus, the AD process has
been considered a sustainable process for waste treatment due to its low
energy consumption and relative simplicity in system design [3]. Many
anaerobic digesters have been established for full-scale waste treatment
and energy recovery [4]. However, there are several difficulties with
full-scale AD system operation due to a wide variety of organic waste
sources, a lack of operators’ knowledge about optimal operational
conditions for different AD processes, and the absence of analytical
real-time monitoring. It is almost impossible to fully understand the real
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state inside an AD reactor, so the reactor is mostly operated by the
subjective knowledge and the results from the analyses of a simple state
variables [5,6]. Although AD processes have existed for a very long time,
many anaerobic digesters have been operating with low efficiency and
thus generate enough biogas. Depending on the complexity of the sub-
strate applied in the AD process, it may be challenging to achieve
optimal operating conditions in industrial applications. Moreover, toxic
compounds, such as ammonia, sulfide, and heavy metals, are rich in
some substrates and can inhibit AD systems [7]. Thus, it is very difficult
to precisely predict the performance of an AD process using only field
investigations and sample analysis, because some of the important pa-
rameters are not readily measurable.

Modeling can be an efficient tool for estimating the performance of
anaerobic bioprocesses, improving our understanding of the AD process,
and optimizing AD systems. The model output can be very accurate if
sufficient input data are available [8]. Models can be used for pre-
liminary design of an AD system design as well as estimation of
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parameters for efficient operation of the system [9]. In general, the
efficient operation of an AD system primarily depends on an under-
standing of the AD process and a precise real-time evaluation of the
system, allowing poor performance or system failure to be avoided.
Thus, a precise simulation of the AD process using an appropriate
measurement scenario will be a prerequisite for optimizing and pro-
tecting the AD process. This will lead to an improved understanding of
the bioprocesses involved in AD and can be used to continuously
describe or predict the variations in the different process components,
especially those that cannot be measured via common analytical
methods [10,11].

Since the 1970s, several mathematical models have been applied for
the AD process. As our understanding of AD improved, the modeling
approaches have gradually advanced and several generations of AD
models have been developed in academia and industry [8]. Originally,
AD models only described the limiting step in the process, as this step
was considered to determine the global reaction rates of AD [12]. Later,
more parameters were included in the models, such as volatile fatty
acids and the partial pressure of hydrogen [13]. Furthermore, additional
processes, biochemical pathways, and inhibition factors were appended
as a result of microbiological research [8]. Anaerobic digestion is a
complex and nonlinear bioprocess that generates many diverse results,
even under the same operating conditions and with the same feedstock.
Based on previous researches on models, the INA Anaerobic Digestion
Modeling Task Group proposed Anaerobic Digestion Model No. 1
(ADM1), which is an integrated model that covers most steps of AD [14].
Due to its high feasibility, ADM1 is widely applied in waste treatment
processes, and many new models have been derived from it. However,
some processes were omitted from ADM1, including sulfate reduction,
sulfide inhibition, long-chain fatty acid (LCFA) inhibitory reactions, and
acetate oxidation reactions. Thus, ADM1 does not provide an integral
description of the AD process, which may result in relatively low accu-
racy [14].

In recent years, many studies have focused on extending ADM1 by
introducing the omitted processes, thereby increasing its integrality.
Rivera-Salvador et al. [15] added a description of syntropic acetate
oxidation in thermophilic AD to ADM1 and thereby increased the
model’s accuracy. Mathematical description of sulfate reduction and
sulfide inhibition were also added to ADM1 to relate the reactions to the
performance of the AD process [16]. Additionally, sulfate reduction was
applied as an extension of ADM1 for the AD process of sulfate-rich
wastewater [17]. The modeling of sulfur, phosphorus, and iron in-
teractions was investigated through the simulation of AD processes,
where multiple mineral precipitation was introduced into ADM1. The
phases described by the model were increased from two phases (i.e.,
liquid-gas) to three (i.e., liquid-gas-solid) [18]. The phosphate release
and volatile fatty acid (VFA) production, considering the activity of
polyphosphate-accumulating organisms, were predicted using a modi-
fied version of ADM1 that has an extended precipitation module [19].
Uhlenhut et al. [20] applied the propionate oxidizing process as an
extension of ADM1 to improve the prediction accuracy for a full-scale
AD system. Although extension of ADM1 improved the model inte-
grality and accuracy, it got more processes and parameters involved in
the model. As a result, the complexity of ADM1 also increased to make it
more difficult to apply the model in industrial fields, since the input data
requirement also increased. This resulted in more analysis work and a
higher computational cost [21].

In contrast to studies that focused on extending the model, other
research has been devoted to simplified models for the AD process to
reduce the complexity of ADM1 and facilitate the use of the model in
industrial applications. Momoh et al. [22] evaluated a set of simplified
AD models and considered the Hill-based biogas yield rate model to be
the best model for describing the kinetics of biogas production from the
AD of cow manure and waste paper. Weinrich and Nelles [23] compared
the performance of ADM1 and two simplified models in simulating the
AD of agricultural energy crops. The comparison proved that the two
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simplified models could describe the AD process as well as ADM1. A
generic and systematic method for developing a simplified version of
ADM]1 that contained substantially fewer variables, processes, and pa-
rameters was evaluated by Hassam et al. [24]. Also, ADM1 was
simplified using principal component analysis, with the input data from
winery wastewater, to support on-line control and system optimization
[11].

The model applicability in practice has been an essential research
topic. The extension and simplification of ADM1 represent two signifi-
cant directions. Meanwhile, accuracy and practicality are important
factors for model selection. However, modeling is purposeful work and
many alternative anaerobic models have been recommended in the
literature, not only for kinetic research and dynamic simulation but also
for practical control [8]. Anaerobic digestion modeling is considered an
efficient method for enhancing biogas production, and it has become a
standard option in anaerobic digester design, control, prediction, and
monitoring [25]. With the development of information technology, the
model predictive control (MPC) has been considered an excellent po-
tential control strategy for the AD process. In fact, a few studies can be
found in the literature on the application of MPC to the AD process [27,
28]. However, due ot the complexity of ADM1 and poor identifiability of
the model parameters, an MPC based on ADM1 has not been successfully
applied for the control of AD. Therefore, an MPC scheme based on a
reduced version of ADM1 has attracted more attention from engineers
[26]. Nonetheless, it is hard to find a study in which an MPC with a
simplified ADM1 was applied to an AD process.

In this study, we have developed a linearized ADM1 (LADM) by
linearizing some of th complex non-linear hyperbolic equations in
ADM1 and implemented it in an MPC for a lab-scale AD system. The
model simulation performance and computational cost were evaluated
to demonstrate the feasibility and practicality of LADM comparing to
ADM1. Then, LADM was implanted in an MPC which predicted biogas
production of an AD system at a given operational condition. The MPC
was applied to predict and control the biogas production of the lab-scale
AD.

2. Materials and methods
2.1. AD digesters and substrates

In this study, data for calibrating/validating and testing models (i.e.,
ADM1 and LADM) were produced by a lab-scale AD system, which
consisted of an acidogenic reactor and a methanogenic one. The working
volume of the system was 30 L. A combined substrate composed of food
waste (FW), swine slurry (SS), and waste sludge (WS) with a fixed
mixing ratio of 1:3:2 was introduced into the lab-scale reactor as feed-
stock. Food waste, SS, and WS were collected weekly from a local FW
disposal center, pig farm, and wastewater treatment plant, respectively.
All substrates were sieved using a 4 mm sieve and stored in a refrigerator
at 4 °C after collection. The lab-scale reactor was operated as a contin-
uous flow stirred tank reactor system. The temperature of the lab-scale
reactor was fixed at 37 °C under mesophilic conditions. The combined
substrate was semicontinuously supplied at a flow rate of 0.9 L day'.

2.2. Sample analysis

To meet the model implementation requirements, it was essential to
have sufficient input data collected from the target AD system. There-
fore, sludge samples (inflow and outflow) from the AD system were
collected twice a week. The total and soluble chemical oxygen demand
(tCOD and sCOD, respectively), total solids (TS), volatile solids (VS),
total Kjeldahl nitrogen (TKN), total ammonia nitrogen (TAN), total
phosphorus (TP), pH, total alkalinity (Alk), and lipids (as oil and grease)
were analyzed according to the standard methods of the American
Public Health Association [29].

Volatile fatty acids were analyzed using a gas chromatograph with a
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flame ionization detector (GC 2010, Shimadzu, Kyoto, Japan). The
column used for the VFA analysis was SH-Rtx-Wax with dimensions of
30 m length x 0.25 mm inner diameter x 0.25 um thickness (Shimadzu,
Kyoto, Japan). The biogas collected from the headspace of the reactors
were analyzed using a gas chromatograph with a thermal conductivity
detector (GC 2010 Plus, Shimadzu, Kyoto, Japan). The column applied
for the biogas analysis was a ShinCarbon ST Micropacked Column
(Restek, Bellefonte, PA, USA) with dimensions of 2 m length x 0.53 mm
inner diameter x 0.74 mm outside diameter. Elemental analysis was
performed for the estimation of theoretical biochemical methane po-
tential (BMPye,) and anaerobic biodegradability (BDgy).

2.3. Elemental analysis and BMP test

The elemental compositions of the samples were analyzed using
Thermo 1112 Series Flash EA (NC Soil Analyzer, Rome, Italy). Based on
the result from the elemental analysis, BMPy, was estimated as follows
(Egs. (1) and (2)) [30]:

b ¢ 3d e a b ¢ 3d
C,,HbOCNdS(.%»<071*5+I+5)H20—><§+§*1*§

e a b ¢ 3d e
_Z>CH4+<§_§+Z+§+Z)COZ+dNH3+eHZS (€8}
4a+b—2c—3d —2e

BMP,,, = 22.4
" “8x (12a+ b + 16¢ + 14d + 32¢)

(m’CH4 [kgVSu).  (2)

BMP tests were performed to estimate the methane production po-
tential and biodegradation of the substrate using an automatic BMP
tester (AMPTS II, Bioprocess Control, Lund, Sweden), details of which
are described in Li et al. [31]. Based on the measured BMPy, and
calculated BMPy,e0, BDay of a given substrate can be calculated by
applying Eq. (3) [32]:

BD,, = BMP,, +~ BMP ., x 100%. 3

For the model implementation in this study, BD,, was applied for
COD-based fractionation of the ADM1 state variables, as described
below in detail.

2.4. Model description and implementation

ADM]1 was calibrated with input data from the lab-scale AD reactor
fed with a combined substrate. According to Batstone et al. [14], ADM1
requires a very complex COD input flow since AD is related to many
different biochemical and physicochemical processes that are conducted
by numerous microorganism species. The input data for ADM1 were
obtained from the substrate analysis. For the same substrate, BD,, was

St e Swu

S,
COD, .
Sgp S

— - VFA,
X S (Sac Spro Stu Sva)
Xy
cop,

Xgp Xpe
Xen

Fig. 1. Schematic diagram of the fractionation of COD input as the state var-
iables of ADM1. The total volatile fatty acid was the summation of valerate
acid, butyrate acid, propionate acid and acetate acid.
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assumed to be the same for both the particulate fraction and the soluble
fraction in the COD matrix (Fig. 1). Therefore, the soluble and particu-
late inert (S; and X)) state variables could be calculated according to Eqs.
(4) and (5), respectively:

S;= COD, (1— BD,) (€]

X, = CoD, (1— BD,) (5)
where COD; is the soluble COD (kg COD m’3); COD,, is the particulate
COD (kg COD m™3).

In Fig. 1, the biodegradable particulate fraction was divided into
three parts: carbohydrates (Xcn), proteins (Xp), and lipids (X;). Ac-
cording to Batstone et al. [14], the fractions of these three parts in total
COD (i.e., fehxes fprxe; and fiixc) would be 0.20, 0.20, and 0.25, respec-
tively. In this study, however, we did not apply these values to calculate
Xch, Xpr, and Xy;, since the substrate characteristics of the AD reactor are
variable. The concentrations of TKN, TAN, and lipids were utilized as
Egs. (6) to (8) to estimate Xy, Xj;, and X, more accurately [33]:

Xor = Xpp (625 Gurorein / Gorganien x (TKN —TAN) x 1.42 g0, ) <+ COD,

(6)
Xii = Xpp(2.62  g02/8ipia % Lipids) + COD, Q)
Xoo=Xep— Xpr—  Xi ®

where COD; is the total COD (kg COD m’g); Xpp is the biodegradable
particulate fraction (kg COD m3).

Most of VFAs were valeric acid (Sya), butyric acid (Spy), propionic
acid (Spro), and acetic acid (Sae), which could be obtained from VFAs
analysis. The hydrolysis process converts carbohydrates, proteins, and
lipids into soluble fractions of sugars (Ss,), amino acids (S,,), and LCFAs
(Sfa), respectively. To estimate Sgy, Sac, and Sg,, it was assumed that the
ratios of these three hydrolysis products would be the same as the ratio
of the corresponding substrates and that the soluble biodegradable
fraction was composed of only VFA fractions and hydrolysis products.
Thus, Sac, Sta, and Sg, were estimated using Egs. (9) to (11), respectively:

X r
Suwa = (Spp — VFA:)XP 9
DB
Xy
St = (Sap — VFA,)X—’ (10)
DB
Sy =Spp —VFA, —  Sp— Sy an

where Spp is the biodegradable soluble fraction (kg COD m™3); VFA, is
the total volatile fatty acids (i.e., acetic to heptanoic acid, kg COD m ™).
To consider the acid-base balance, the inorganic fractions, such as those
of inorganic carbon (Sic) and inorganic nitrogen (Spy), were estimated
using TAN and Alk following Eqgs. (12) and (13), respectively:

Alk

Se=——"—7 12

€™ Meacos x 1000 12
TAN

Sy=— 13

N My x 1000 a3

where Alk is the total alkalinity (g CaCO3 m’3); Mcacos is the molar mass
of CaCOs (g mol_l); My is the molar mass of nitrogen (g mol ™). The
other input state variables, including the cations (Scat), anions (Sap), and
biomass (substrate degrader: Xy, Xaa, Xfa, Xc4, Xpro» Xac, and Xp2), were
all applied as default values from Rosen et al. (2006) [34]. In this study,
the state variables of the lab-scale AD system were measured twice a
week.
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2.5. Sensitivity test and parameter estimations for ADM1

The sensitivity test and parameter estimation for ADM1 were con-
ducted MATLAB 2014b/Simulink (MathWorks, Natick, MA, USA). Fig. 2
shows the parameter estimation procedure for ADM1 used in this study
[35]. Except for the selected sensitive parameters, most of the other
parameters in ADM1 were applied as suggested by Rosen et al. [34].
Some of the parameters needed to be modified due to the sample
characteristics and operating conditions. For example, the carbon con-
tent of the composite (Cx, kmole kg~ COD), which was suggested to be
0.02786 kmole C kg™! COD by Rosen et al. [34], was determined to be
lower in this study. Additionally, the composite and inert nitrogen
contents (Nx. and Nj, k mole N kg’1 COD) were determined using the
element analysis results.

Although all of the parameters affect the behaviour of a model, the
sensitivity differs between parameters of the model [17]. To simplify
ADML1, a sensitivity test should be performed to identify the most sen-
sitive parameters which determine the behaviour of the model [36], so
cannot be omitted from the model [37,38]. In this study, a sensitivity
test was carried out to identify and estimate the sensitive parameters of
ADM1 using input data from the lab-scale AD system. The target output
variable of the sensitivity test was the mean biogas production rate
(Qbiogas> L d’l), and the Qpjogas value produced by the model with the

Sensitivity analysis

Y

Initial estimation of
sensitive parameter set

ADMI1 <
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default parameters was compared to those with modified parameters.
The ratio between the change in Qpjogas value and that in a parameter (i.
€., AQpiogas/Aparameter) was determined to select sensitive parameters
[39].

The default values of all parameters were taken from Batstone et al.
[14]. However, the range of the testing parameters was set at + 10% of
the default values, since the sensitive parameters are considered to
impact the model performance even with a small variation. In short, five
most sensitive parameters were selected as a result of the sensitivity test
and were applied for model calibration. The selected parameters were
estimated with Qpjogas Of the lab-scale AD system which was measured
daily. The target function of the parameter estimation was the index of
agreement (IoA) [40], which is defined as follows (Eq. (14)):

Z(Xmm.i - )(])rz,i)
ToA=1- =l a4
(|Xpm.i - Xmean,mm + |Xme.&,i )2

2

=

- Xmean,mm

where Xp,s; is the measured biogas production rate, Xp; is the simu-
lation output from ADM1, X;sean,mes is the mean value of measured biogas
production, and n is the number of output data points.

The IoA, which indicates the similarity of the model simulation
output to the measured data, has been widely applied to model evalu-

Initial values of ADMI
parameters

/ Input data (Flow,

Y

Integration of ADM1

concentration, etc.)

A

equations

Y

Comparison with lab-
scale experiment

Yes

ODE 15s solver

Experiment output data
(output concentration)

Optimized parameter

Optimal fit

No

Adjustment of
parameter set

Y

set

Fig. 2. The procedure for ADM1 parameter estimation to simplify model development.
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ation. As mentioned by Elias et al. [41], a good model can be defined as
one having an IoA greater than 0.6. In this study, the parameter esti-
mation and model calibration were performed to maximize the IoA. In
addition, the accuracy of the model simulation of a single data point can
be evaluated based on the relative error (RE;), which is defined in Eq.
(15):

[Xesi =  Xpresi]

RE; =
X mes.,i

x 100% (15)

2.6. Linearization of ADM1

ADM1 is a comprehensive model that includes most of the
biochemical and physicochemical processes in AD. Therefore, this
model requires sufficient input data for a complex set of differential
equations, resulting in high computational cost. Additionally, the rela-
tionship between state variables and model parameters is intricate and
increases the difficulty in applying ADM1 for a full-scale AD system.

In this study, the linearization of ADM1 was accomplished by
replacing the non-linear hyperbolic terms of 8 substrate uptake process
equations with D-terms (Egs. (16)-(23); the linearized biochemical rate
equations are presented in a stoichiometric matrix in Tables S1 and S2).
As shown in the tables, the hyperbolic terms in the monod equations,
which are related with the half-saturation of state variables for sub-
strates, were linearized in LADM. More detailed information on the
model simplification via linearization can be found in Kim et al. [42,43].
These new parameters are defined in Eqs. (16)-(23) as follows:

D, = Kskmﬁ 6)
b= Ks,ljrfsfa a®
D= as
D= Ks_pmkmiir " Spro @
D, = ngmﬁ ©22)
Dy = 1% 23)

Once ADML1 is set up for a continuous flow stirred tank reactor sys-
tem, all of the D; parameters could be determined using the model
simulation outputs. In most cases, the AD system performance is stable,
and the typical behaviors of the serial processes are always close to an
equilibrium under the same operation conditions [44], which means
that a soluble portion of the output results are also stable. Therefore,
after the estimation of ADM1 parameters, the values of D;-Dg can be
calculated using the corresponding non-linear hyperbolic terms of
ADML1. In this study, both ADM1 and LADM were run in MATLAB
2014b/Simulink with ODE45 and ODE15s as the ODE solvers. The mean
relative error (MRE) between the two models (Eq. (24)) was formulated
as the objective function, and it was minimized by mainly adjusting
kinetic and stoichiometric parameters in LADM.

1S [Xapsr = Xeap|
MRE = — % 100% 24
n ,2:1: Xapmi ’ @4
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where Xjppy is the simulation output from ADM1, Xp4py is the simu-
lation output from LADM, and n is the number of output data points.

Additionally, the computational cost was selected as the target
parameter to evaluate LADM. Both the ADM1 and LADM simulations
were performed using the same computer, and the computational time
of the simulation with the input data was recorded automatically.

2.7. MPC application in lab-scale AD system

After LADM was set up, the model was integrate into an MPC and
applied for the lab-scale AD system to test the MPC performance. Fig. 3
shows the procedures of the MPC test with the operation of the lab-scale
AD system. Before the MPC test was begun, the model had been cali-
brated using 30 days of input data. Because the MPC test was applied in
the same lab-scale AD system with the same substrate, we chose the
same sensitive parameters (including D; terms) for the model calibra-
tion; they were determined using the method in Section 2.3. The LADM
was applied to predict the biogas production for each 10-day MPC phase.
We assumed that the feeding rate and characteristics of the substrate
were constant during the next MPC phase. We applied the analysis re-
sults obtained from the substrate samples from the previous 10-day
period to the generation of new input data used to predict the next
MPC phase. For every 10 days, several substrate samples were
employed, and the mean value of the analysis results was used as the
input for the next control phase. After each MPC phase had been
completed, the MRE between the measured data and model prediction
was obtained and applied as a statistical indicator of the model pre-
diction accuracy. If the MRE was less than 10%, it was assumed the
accuracy of the model prediction good enough, and the MPC of the AD
system continued without any variation of the model parameters. On the
other hand, if the MRE was greater than 10%, the model prediction was
considered not to be accurate enough for the model to be used contin-
uously. In this case, using the previous input data, the model parameters
were re-estimated to increase the accuracy.

3. Results and discussion
3.1. Substrate characterization

Table 1 summarizes the characteristics of the substrates for the lab-
scale AD systems in this study. The combined substrate (FW:SS:WS =
1:3:2) showed an acidic pH (6.2) and high COD concentration
(73.5 kg m’3), as well as a high TKN (3.1 kg m’3), which indicated that
the combined substrate was rich in N compounds. In previous research,
the co-digestion of FW, SS, and WS with a proper mixing ratio yielded
obviously better performance than a single substrate for methane pro-
duction, since the nutrients were diverse and balanced [31,45]. The
microbial biomass of WS results in the promotion of microbial activity in
the AD process. Therefore, the combined substrate showed a higher
methane potential and biodegradation efficiency than the single sub-
strate [31]. In this study, the experimental BMP, theoretical BMP, and
BD,, of the combined substrate were 467 m? kg’1 VS, 589 m® kg’1 VS,
and 0.793, respectively. The characteristics of the lab-scale system
outflow are also shown in Table 1. Compared to the inflow, most of the
parameters (tCOD, sCOD, TS, VS, lipids, and tVFA) indicate a high
removal efficiency of the AD process, demonstrating the good perfor-
mance of the AD system. Alkalinity increased obviously after AD, since
the acidic compounds (LCFA and VFA) were adequately converted by
anaerobes into CO, and carbonates in the reactor. The substantial in-
crease in Alk was considered to be additional evidence that the system
was operating well. In short, the data analysis results indicated that the
lab-scale AD system operated well and stably. The feeding and output
data obtained during the initial period of the AD operation were used as
input data for calibrating the models.
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System operation and
sample analysis

. Model calibration
Input data obtained .
(Parameter estimation)
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Prediction compare to
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ed data

Fig. 3. The flowchart for model predictive control (MPC) applied in the estimation of biogas production from the lab-scale AD process.

Table 1

Characterization of samples from the lab-scale AD system. These samples were
collected from the combined substrate of the lab-scale AD system. The data in
the table show the mean values of the analysis results from 125 samples, while
the standard deviation of the results and the removal efficiency are also shown
together.

Parameters Lab scale (n = 125)

Inflow Outflow Removal (%)
tCOD (kg m—3) 73.5 + 22.5 15.1+6.9 79.5
sCOD (kg m™3) 6.7 + 3.6 0.7 +0.3 89.6
TS (kg m~%) 60.2 +18.7 20.8 +5.8 60.9
VS (kg m—3%) 42.9+15.7 10.2+ 3.8 76.2
Lipids (kg m~%) 3.8+2.7 0.4+ 0.2 89.5
TKN (kg m~3) 3.1+0.8 2.8+0.7 9.7
TAN (kg m~3) 12+1.1 2.1+0.6
tVFA (kg m—>) 4.5+ 3.4 0.4 +0.2 91.1
TP (kg m~3) 0.84+0.3 0.6 +0.3 25.0
pH 6.2+ 0.9 7.8+0.3
Alk (CaCO3 kg m~%) 3.8+0.8 92+1.1
BMPy, (m® kg~' VS) 467
BMP;}co (m® kg™! VS) 589
BD,, 0.793

3.2. Sensitivity test

The sensitivity test was performed with the model input data from
the lab-scale AD system. Fig. 4 shows the sensitivity test results, with
Qbiogas (L day’l) as the target output variable based on the lab-scale AD
input data. Through the sensitivity test, Kqis, Knyd_ch, Km_ac, Ks_ac, and Yac
were identified as the most sensitive parameters. Firstly, disintegration
is the extracellular biological or non-biological process, by which the
macro-organic matters can be converted into microparticles or soluble
compounds. In this study, substrate containing heterogeneous food re-
siduals and biomass was used as feedstock, so disintegration was iden-
tified as the most important rate-limiting step of our AD system.
Therefore, kgis was identified as an important kinetic parameter. Pre-
vious researches also showed that the disintegration process would be
one of the most essential processes in the AD of organic wastes [33].

As aforementioned, the hydrolysis process is also considered to be
the rate-limiting step of the AD process, and its rate parameter is regu-
larly selected as one of the most sensitive parameters [21,46]. In this
study, the model for our lab-scale system showed a relatively low
sensitivity to the hydrolysis parameters of proteins and lipids due to the
low concentration of the components (X, and X;) in the particulate
biodegradable fraction of the combined substrate and the high concen-
tration of microbial biomass, which was introduced by the WS. Hence,

the hydrolysis of proteins and lipids can be rapidly and adequately
completed in the system. Besides, the lab-scale system was designed to
perform a two-stage AD process, in which acidogenesis and methano-
genesis were separated, and this resulted in the promotion of hydrolysis
and acidification [47,48]. Meanwhile, previous researches showed that
the rate of cellulose hydrolysis was so low that it was the rate-limiting
step in overall AD [49,50]. The combined substrate in this study con-
tained a mass of lignocellulosic substrate from the food residue of FW
and SS, which could result in a high concentration of carbohydrates
(Xcn) and the high sensitivity of the hydrolysis parameter (kpyq_cn)-

The other selected sensitive parameters (kpy ac, Ks ac, and Y,o) were
related to methanogenesis and the growth of methanogens. The
maximum acetate acid uptake rates determined the maximum specific
growth rate of acetoclastic methanogen, and these rates were limited by
the acetate acid concentration (S,c) [51]. In ADM1, acetoclastic meth-
anogenesis was considered to be the main reaction of producing
methane; hence, the related parameters were sensitive to methane
production [52]. Therefore, the sensitivity test results indicated that the
growth of acetoclastic methanogens became the rate-limiting factor for
biogas production in the system. Table 2 summarizes the most sensitive
parameters selected for the lab-scale AD system, where the default
values are the same as those suggested by Batstone et al. [14]. After all,
the sensitivity results matched the substrate characteristics and reactor
status. The selected sensitive parameters were applied in the estimation
procedure for model calibration, while the other parameters were
applied with a default value because of their low sensitivity.

3.3. Estimation of parameters for simplification of ADM1

To estimate the selected sensitive parameters, several different
parameter combinations were evaluated by measuring the differences
between the experimental and simulated biogas production rates. By
maximizing the IoA, the optimized parameters were obtained using the
ADM1 simulation. Fig. 5 shows the simulation results of LADM for the
lab-scale system, in which the IoAs of the default and optimized pa-
rameters were 0.82 and 0.95, respectively. In summary, the increase in
IoA indicated that the parameter estimation obviously improved the
model simulation accuracy [53]. Since the parameter estimation of the
model for the lab-scale AD system with combined substrates yielded
satisfactory results, it was concluded that the proposed model could, if
properly calibrated, be applicable to diverse AD processes as a substitute
of ADM1. Tables 2 and 3 summarize the values of the optimized kinetics
and stoichiometric parameters and the linearized terms (D;’s) that were
obtained through the model calibration and substrate characterization.
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Fig. 4. Sensitivity test of ADM1 based on lab-scale input data: (A) results of hydrolysis constant rates, (B) results of mono maximum specific uptake rates, (C) results

of half-saturation constants, (D) results of biomass yield.

3.4. LADM output and comparison with ADM1

In Section 2.4, the characteristics of LADM were described, and the
new parameters (D;-Dg) were applied to linearize the equations of
ADML. Fig. 6 shows the values of those parameters in the simulation
performed using ADM1 fed with 300 days of input data obtained from
the lab-scale system. All the D;s remained stable after the 30th day,
indicating all the related processes or reactions reached an equilibrium.
In this case, the variation of the soluble output (Ssy, Saa, Sii, Sva, Sbu, Spros
Sac, and Spp) was very small. This observation indicates that it is a
feasible approach to simplify ADM1 replacing the non-linear hyperbolic
terms of the equations for substrate uptakes in ADM1 with D;s (Egs.
(16)-(23)).

For the simulation, the means of the D; values obtained from the
simulation (Fig. 6) were supplied to LADM (as shown in Table 3). Since
the hyperbolic terms were linearized using the constant parameters, D;s,
the computational cost of the LADM simulation was lower than that of

ASM1. When MATLAB ODE45 was used, the computational times for
running ADM1 and LADM fed with 300 days of input data obtained from
the lab-scale system were 35.8 min and 29.8 min, respectively. Like-
wise, the computational times for running ADM1 and LADM with
ODE15s fed with the same input data were 5.5 min and 4.7 min,
respectively. These result clearly demonstrates that LADM requires a
lower computational cost than ADM1 and can be used as a feasible and
fast modeling tool for AD processes.

Fig. 7 shows the simulation outputs (Qpjogas) of ADM1 and LADM
along with the relative errors between the two models. In this study, the
Qbiogas values obtained using ADM1 and LADM were quite close to each
other. The MRE of the simulation results between both models was
1.3%, and the MRE between the Qpjogas values of LADM and measured
data was 5.6%, which indicates that LADM well followed the experi-
mental data (Table 3). Even though LADM generated more errors, its
accuracy was still similar to that of ADM1. In addition to Qpjogas, the
model was able to well predict the dynamics of the pH, COD, total VFA,
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Table 2

Default and optimized parameters for ADM1. The parameters were separated
into two groups: (1) Cxc, Nxc, and Ny were estimated by the elemental analysis
and (2) Kgis, Knyd.ctt, Km_acs Ksac and Y, were selected and estimated by the
sensitivity test and model simulation.

Parameter  Description Optimization Default Optimized

Cxc Carbon content of Elemental analysis 0.02786  0.02561
composites

Nxc Nitrogen content of 0.0027 0.0037
composites

N; Inert nitrogen 0.0043 0.0037
content

Kais Composites Sensitivity test 0.5 0.12
disintegration rate and parameter

Knyd_ch The hydrolysis rate estimation 10 3.0
of carbohydrates

K ac Max acetate acid 8 3.6
uptake rate

Ks ac The half-saturation 0.15 0.3
constant of acetate
acid

Yac Acetate degrader 0.05 0.1

yield on substrate

and TAN in the mixed liquor of the lab-scale AD system (Fig. S1).
Therefore, it was concluded that the developed LADM can serve as a
relatively accurate model for describing and controlling the perfor-
mance of an AD system.

3.5. Estimation of biogas production applied in MPC by using LADM

As mentioned in Section 3.4, LADM could well predict the perfor-
mance of the lab-scale AD system. Thus, LADM was integrated in an MPC
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scheme to control the performance of the lab-scale AD system. Fig. 8
shows the result of the MPC-based operation of the AD system. In the
beginning, the model was calibrated with the first 30-day experimental
data and, for the next 50 days, the LADM-based MPC was applied to
control the AD system with the feeding rate as the control variable for
the next 50 days.

In short, the calibrated model showed a good data-fitting perfor-
mance, while the MRE between the model prediction and measured
biogas production was 6.9%. In the next five MPC phases (Fig. 8), the
measured biogas production generally well followed the trend of the
model prediction. As the substrate feeding rate increased from 0.8 to
1.0 L day ! during the 1st and 2nd MPC phases, the measured biogas
production of the lab-scale system also increased, while the MREs of the
LADM-based MPC for the phases were 5.2% and 6.3%, respectively. On
the other hand, as the substrate feeding rate decreased from 1.0 to 0.7 L
d~! during MPC phases 3 and 4, the measured biogas production of the
lab-scale AD system also decreased. During the same phases. the MREs of
the MPC were 7.2% and 7.6%, respectively. During MPC phase 5, as the
substrate feeding rate was raised again from 0.7 to 0.8 L day~!, the
biogas production increased; the MRE of the LADM-based MPC obtained
during the same phase was 9.2%.

The MRE of the MPC scheme became larger over MPC phases 1-5,
indicating the characteristics of mixed liquor in the AD reactor changed.
In fact, during the MPC operation, the concentrations of the soluble
fractions of substrate (i.e., Sgu, Saa, Sfa, Sva, €tc.) in the reactor did not
remain constant. As the feeding rate was changed several times during
the MPC operation, the equilibrium of the system also continuously
changed. Thus, D;s which had been set as a constant in LADM were re-
calibrated to reduce the discrepancy between the measured data and
the model prediction.

0.07 T
4 Measured Biogas .
0.06 4 °°°°°° Default parameters I
I RE % (ADM1 to LADM)
—— LADM output
0.05

0.04

0.02

Biogas production rate, m3 a’!

0.01

0.00

30

Relative error, %

200

Time, day

Fig. 5. Simulation results of the default and optimized parameters with the lab-scale reactor data. The relative error (RE) is also shown to present the difference
between the optimized simulation results and the measured data from the lab-scale AD system.

Table 3

Applied D parameters for the LADM simulation and the computing cost (standard deviation of 7 simulations) of ADM1 and LADM with ODE45 and ODE15s. The MREs
of the LADM simulation results compared to ADM1 and the measured data are shown.

D; Applied value MRE (ADM1 to LADM) MRE (ADM1 to meas. data)

MRE (LADM to meas. data)

ADM1 computing cost (n =7, LADM computing cost (n = 7,

min) min)
ODE45 ODE15s ODE45 ODE15s
D, 59.34 1.3% 5.8% 6.1% 358+28 55+04 203+19 47+03
D, 165.08
D3 13.34
Dy 96.47
Ds 95.59
D¢ 97.47
D, 4.52

Dg 3576
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Fig. 7. Simulation results of the ADM1 and LADM with 300-day lab-scale input data. The relative error (RE) between both simulation results is also shown. Because
of the low RE, the ADM1 output (red dotted line) and the LADM output (blue solid line) are almost coincident (For interpretation of the references to colour in this

figure legend, the reader is referred to the web version of this article).

In summary, the successful application of the LADM-based MPC
scheme indicated that the proposed model and the MPC are promising in
precisely predicting the performance of an AD system and controlling it
for maximizing biogas production. Based on the model prediction,

operators can modify the operating conditions of their AD systems to
improve the biogas production and avoid any system failure. To main-
tain the model prediction at a higher level, re-calibration of the model
should be performed between-whiles, since the model’s error should
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Fig. 8. MPC results were fitted with measured data in the lab-scale AD process.

continuously increase as the MPC operation proceeds in the AD system.
4. Conclusion

In this study, a lab-scale AD system was operated with a combined
substrate, from which model input data were obtained via sample
analysis and a relative BMP test. LADM was constructed by linearizing
the hyperbolic terms of equations for the substrate uptake processes in
ADM1. Then, ADM1 and LADM were both evaluated in terms of their
prediction of the AD system performance. The proposed LADM showed a
similar prediction to that of ADM1, while requiring a lower computa-
tional cost.

In addition, LADM was integrated in an MPC scheme for the lab-scale
AD system. During the MPC-based operation of the system, the variation
of biogas yield of the AD system was well predicted and controlled by the
LADM-based MPC. The MREs of the MPC obtained for the five MPC
phases were around 5-8%, indicating high accuracy. Based on the result
obtained from this study, it was concluded that the proposed MPC
scheme can be used as a tool to effectively control an AD system for
maximize biogas production of the system.

CRediT authorship contribution statement

Dan Li: Conceptualization, Methodology, Investigation, Writing -
original draft. Ingyu Lee: Conceptualization, Methodology, Investiga-
tion, Writing - original draft. Hyunook Kim: Supervision, Writing - re-
view & editing.
Declaration of Competing Interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.
Acknowledgments

This work was supported by the Korea Institute of Energy Technol-
ogy Evaluation and Planning (KETEP) grant funded by the Korea gov-
ernment (MOTIE) (No. 20173010092510).

Appendix A. Supporting information

Supplementary data associated with this article can be found in the
online version at doi:10.1016/j.jece.2021.105193.

10

References
[1] G. Olsson, Water and Energy: Threats and Opportunities, Water Intelligence

Online, second ed., IWA Publishing, 2015 https://doi.org/10.2166/

9781780406947.

L. Appels, J. Lauwers, J. Degreve, L. Helsen, B. Lievens, K. Willems, J.V. Impe,

R. Dewil, Anaerobic digestion in global bio-energy production: potential and

research challenges, Renew. Sustain Energy Rev. 15 (2011) 4295-4301, https://

doi.org/10.1016/j.rser.2011.07.121.

S.P. Lohani, S.N. Khanal, R. Bakke, A simple anaerobic and filtration combined

system for domestic wastewater treatment, Water Energy Nexus 3 (2020) 41-45,

https://doi.org/10.1016/j.wen.2020.03.004.

D.J. Batstone, B. Virdis, The role of anaerobic digestion in the emerging energy

economy, Curr. Opin. Biotech. 27 (2014) 142-149, https://doi.org/10.1016/j.

copbio.2014.01.013.

C. Hu, B. Yan, K. Wang, X. Xiao, Modeling the performance of anaerobic digestion

reactor by the anaerobic digestion system model (ADSM), J. Environ. Chem. Eng. 6

(2018) 2095-2104, https://doi.org/10.1016/j.jece.2018.03.018.

S.P. Lohani, S. Wang, W.H. Bergland, S.N. Khanal, R. Bakke, Modeling temperature

effects in anaerobic digestion of domestic wastewater, Water Energy Nexus 1

(2018) 56-60, https://doi.org/10.1016/j.wen.2018.07.001.

J.L. Chen, R. Ortiz, T.W.J. Steele, D.C. Stuckey, Toxicants inhibiting anaerobic

digestion: a review, Biotechnol. Adv. 32 (2014) 1523-1534, https://doi.org/

10.1016/j.biotechadv.2014.10.005.

A. Donoso-Bravo, J. Mailier, C. Martin, J. Rodriguez, C.A. Aceves-Lara, A.

V. Wouwer, Model selection, identification and validation in anaerobic digestion: a

review, Water Res. 45 (2011) 5347-5364, https://doi.org/10.1016/j.

watres.2011.08.059.

M. Odriozola, I. Lépez, L. Borzacconi, Modeling granule development and reactor

performance on anaerobic granular sludge reactors, J. Environ. Chem. Eng. 4

(2016) 1615-1628, https://doi.org/10.1016/].jece.2016.01.040.

D. Dochain, Automatic Control of Bioprocesses, John Wiley & Sons, 2013.

C. Garcia-Diéguez, O. Bernard, E. Roca, Reducing the Anaerobic Digestion Model

No. 1 for its application to an industrial wastewater treatment plant treating

winery effluent wastewater, Bioresour. Technol. 132 (2013) 244-253, https://doi.

org/10.1016/j.biortech.2012.12.166.

D.T. Hill, C.L. Barth, A dynamic model for simulation of animal waste, Dig. JSTOR

49 (1977) 2129-2143. http://www.jstor.org/stable/25039421.

D.T. Hill, A comprehensive dynamic model for animal waste methanogenesis,

ASABE 25 (1982) 1374-1380, https://doi.org/10.13031/2013.33730.

D.J. Batstone, J. Keller, 1. Angelidaki, S.V. Kalyuzhnyi, S.G. Pavlostathis, A. Rozzi,

W.T.M. Sanders, H. Siegrist, V.A. Vavilin, The IWA anaerobic digestion model no 1

(ADM1), Water Sci. Technol. 45 (2002) 65-73, https://doi.org/10.2166/

wst.2002.0292.

V. Rivera-Salvador, I.L. Lopez-Cruz, T. Espinosa-Solares, J.S. Aranda-Barradas, D.

H. Huber, D. Sharma, J.U. Toledo, Application of anaerobic digestion model no. 1

to describe the syntrophic acetate oxidation of poultry litter in thermophilic

anaerobic digestion, Bioresour. Technol. 167 (2014) 495-502, https://doi.org/

10.1016/j.biortech.2014.06.008.

E.L. Barrera, H. Spanjers, J. Dewulf, O. Romero, E. Rosa, The sulfur chain in biogas

production from sulfate-rich liquid substrates: a review on dynamic modeling with

vinasse as model substrate, J. Chem. Technol. Biot. 88 (2013) 1405-1420, https://

doi.org/10.1002/jctb.4071.

E.L. Barrera, H. Spanjers, K. Solon, Y. Amerlinck, I. Nopens, J. Dewulf, Modeling

the anaerobic digestion of cane-molasses vinasse: extension of the Anaerobic

Digestion Model No. 1 (ADM1) with sulfate reduction for a very high strength and

sulfate rich wastewater, Water Res. 71 (2015) 42-54, https://doi.org/10.1016/j.

watres.2014.12.026.

X. Flores-Alsina, K. Solon, C.K. Mbamba, S. Tait, K.V. Gernaey, U. Jeppsson, D.

J. Batstone, Modelling phosphorus (P), sulfur (S) and iron (Fe) interactions for

[2]

[3]

[4]

[5]

[6]

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]


https://doi.org/10.1016/j.jece.2021.105193
https://doi.org/10.2166/9781780406947
https://doi.org/10.2166/9781780406947
https://doi.org/10.1016/j.rser.2011.07.121
https://doi.org/10.1016/j.rser.2011.07.121
https://doi.org/10.1016/j.wen.2020.03.004
https://doi.org/10.1016/j.copbio.2014.01.013
https://doi.org/10.1016/j.copbio.2014.01.013
https://doi.org/10.1016/j.jece.2018.03.018
https://doi.org/10.1016/j.wen.2018.07.001
https://doi.org/10.1016/j.biotechadv.2014.10.005
https://doi.org/10.1016/j.biotechadv.2014.10.005
https://doi.org/10.1016/j.watres.2011.08.059
https://doi.org/10.1016/j.watres.2011.08.059
https://doi.org/10.1016/j.jece.2016.01.040
http://refhub.elsevier.com/S2213-3437(21)00170-6/sbref10
https://doi.org/10.1016/j.biortech.2012.12.166
https://doi.org/10.1016/j.biortech.2012.12.166
http://www.jstor.org/stable/25039421
https://doi.org/10.13031/2013.33730
https://doi.org/10.2166/wst.2002.0292
https://doi.org/10.2166/wst.2002.0292
https://doi.org/10.1016/j.biortech.2014.06.008
https://doi.org/10.1016/j.biortech.2014.06.008
https://doi.org/10.1002/jctb.4071
https://doi.org/10.1002/jctb.4071
https://doi.org/10.1016/j.watres.2014.12.026
https://doi.org/10.1016/j.watres.2014.12.026

D. Lietal

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

dynamic simulations of anaerobic digestion processes, Water Res. 95 (2016)
370-382. http://www.sciencedirect.com/science/article/pii/S0043135
416301397.

R. Wang, Y. Li, W. Chen, J. Zou, Y. Chen, Phosphate release involving PAOs activity
during anaerobic fermentation of EBPR sludge and the extension of ADM1, Chem.
Eng. J. 287 (2016) 436-447, https://doi.org/10.1016/j.cej.2015.10.110.

F. Uhlenhut, K. Schliiter, C. Gallert, Wet biowaste digestion: ADM1 model
improvement by implementation of known genera and activity of propionate
oxidizing bacteria, Water Res. 129 (2018) 384-393, https://doi.org/10.1016/j.
watres.2017.11.012.

D.J. Batstone, J. Keller, J.P. Steyer, A review of ADM1 extensions, applications, and
analysis: 2002-2005, Water Sci. Technol. 54 (2006) 1-10, https://doi.org/
10.2166/wst.2006.520.

0.L.Y. Momoh, B.U. Anyata, D.P. Saroj, Development of simplified anaerobic
digestion models (SADM’s) for studying anaerobic biodegradability and kinetics of
complex biomass, Biochem Eng. J. 79 (2013) 84-93, https://doi.org/10.1016/j.
bej.2013.06.018.

S. Weinrich, M. Nelles, Critical comparison of different model structures for the
applied simulation of the anaerobic digestion of agricultural energy crops,
Bioresour. Technol. 178 (2015) 306-312, https://doi.org/10.1016/j.
biortech.2014.10.138.

S. Hassam, E. Ficara, A. Leva, J. Harmand, A generic and systematic procedure to
derive a simplified model from the anaerobic digestion model No. 1 (ADM1),
Biochem Eng. J. 99 (2015) 193-203, https://doi.org/10.1016/j.bej.2015.03.007.
J. Kainthola, A.S. Kalamdhad, V.V. Goud, A review on enhanced biogas production
from anaerobic digestion of lignocellulosic biomass by different enhancement
techniques, Process Biochem. 84 (2019) 81-90, https://doi.org/10.1016/j.
procbio.2019.05.023.

H. Kil, D. Li, Y. Xi, J. Li, Model predictive control with on-line model identification
for anaerobic digestion processes, Biochem. Eng. J. 128 (2017) 63-75, https://doi.
0rg/10.1016/j.bej.2017.08.004.

D. Gaida, C. Wolf, M. Bongards, Feed control of anaerobic digestion processes for
renewable energy production: a review, Renew. Sustain. Energy Rev. 68 (2017)
869-875, https://doi.org/10.1016/j.rser.2016.06.096.

A. Ordace, C.M. Ionescu, T.P.W. Vannecke, L.P.E. Volcke, I. Nascu, R.D. Keyser,
Predictive Control of Anaerobic Digestion of Wastewater Sludge. A Feasibility
Study, IEEE, 2012, pp. 1-7.

A.D. Eaton, L.S. Clesceri, E.W. Rice, A.E. Greenberg, Standard Methods for the
Examination of Water and Wastewater(twenty-first ed.), American Water Works
Association & Water Environment Federation, Washington, DC, USA, 2005.

W.C. Boyle, H.G. Schlegel, J. Barnea, Energy recovery from sanitary landfills — a
review, Microb. Energy Convers. (1977) 119-138. http://www.sciencedirect.
com/science/article/pii/B9780080217918500196..

D. Li, M. Kim, H. Kim, O. Choi, B.-I. Sang, P.C. Chiang, H. Kim, Evaluation of
relationship between biogas production and microbial communities in anaerobic
co-digestion, Korean J. Chem. Eng. 35 (2018) 179-186, https://doi.org/10.1007/
511814-017-0246-3.

F. Raposo, V. Fernandez-Cegri, M.A.D. la Rubia, R. Borja, F. Béline, C. Cavinato,
G. Demirer, B. Fernandez, M. Fernandez-Polanco, J.C. Frigon, R. Ganesh,

P. Kaparaju, J. Koubova, R. Méndez, G. Menin, A. Peene, P. Scherer, M. Torrijos,
H. Uellendahl, I. Wierinck, V. de Wilde, Biochemical methane potential (BMP) of
solid organic substrates: evaluation of anaerobic biodegradability using data from
an international interlaboratory study, J. Chem. Technol. Biot. 86 (2011)
1088-1098, https://doi.org/10.1002/jctb.2622.

R. Girault, G. Bridoux, F. Nauleau, C. Poullain, J. Buffet, J.-P. Steyer, A.

G. Sadowski, F. Béline, A waste characterisation procedure for ADM1
implementation based on degradation kinetics, Water Res. 46 (2012) 4099-4110,
https://doi.org/10.1016/j.watres.2012.04.028.

C. Rosen, D. Vrecko, K.V. Gernaey, M.N. Pons, U. Jeppsson, Implementing ADM1
for plant-wide benchmark simulations in Matlab/Simulink, Water Sci. Technol. 54
(2006) 11-19, https://doi.org/10.2166/wst.2006.521.

F. Boubaker, B.C. Ridha, Modelling of the mesophilic anaerobic co-digestion of
olive mill wastewater with olive mill solid waste using anaerobic digestion model

11

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

Journal of Environmental Chemical Engineering 9 (2021) 105193

No. 1 (ADM1), Bioresour. Technol. 99 (2008) 6565-6577, https://doi.org/
10.1016/j.biortech.2007.11.035.

R.K. Dereli, M.E. Ersahin, H. Ozgun, I. Ozturk, A.F. Aydin, Applicability of
anaerobic digestion model no. 1 (ADM1) for a specific industrial wastewater:
Opium alkaloid effluents, Chem. Eng. J. 165 (2010) 89-94, https://doi.org/
10.1016/j.cej.2010.08.069.

J. Mata-Alvarez, S. Macé, P. Llabrés, Anaerobic digestion of organic solid wastes.
an overview of research achievements and perspectives, Bioresour. Technol. 74
(2000) 3-16, https://doi.org/10.1016,/50960-8524(00)00023-7.

L.A. Morales, A.D. Rodriguez, H.E. Rojas, Assessment of the input substrate
characteristics included in the anaerobic digestion model no. 1 (ADM1), Ingenieria
22 (2016) 269-282, https://doi.org/10.14483/udistrital.jour.reving.2017.2.a07.
C. Mendes, K. Esquerre, L.M. Queiroz, Application of anaerobic digestion model no.
1 for simulating anaerobic mesophilic sludge digestion, Waste Manag. 35 (2015)
89-95, https://doi.org/10.1016/j.wasman.2014.10.013.

E. Nordlander, E. Thorin, J. Yan, Investigating the possibility of applying an ADM1
based model to a full-scale co-digestion plant, Biochem Eng. J. 120 (2017) 73-83,
https://doi.org/10.1016/j.bej.2016.12.014.

A. Elias, G. Ibarra-Berastegi, R. Arias, A. Barona, Neural networks as a tool for
control and management of a biological reactor for treating hydrogen sulphide,
Bioprocess Biosyst. Eng. 29 (2006) 129-136, https://doi.org/10.1007/500449-
006-0062-3.

H. Kim, H. Lim, J. Wie, L. Lee, M.F. Colosimo, Optimization of modified ABA2
process using linearized ASM2 for saving aeration energy, Chem. Eng. J. 251
(2014) 337-342, https://doi.org/10.1016/j.cej.2014.04.076.

K. Hyunook, J. H.O, J. M.T, SBR system for phosphorus removal: ASM2 and
simplified linear model, J. Environ. Eng. 127 (2001) 98-104, https://doi.org/
10.1061/(asce)0733-9372(2001)127:2(98).

J. Rodriguez, J.M. Lema, M.C.M. van Loosdrecht, R. Kleerebezem, Variable
stoichiometry with thermodynamic control in ADM1, Water Sci. Technol. 54
(2006) 101-110, https://doi.org/10.2166/wst.2006.531.

J. Mata-Alvarez, J. Dosta, M.S. Romero-Giiiza, X. Fonoll, M. Peces, S. Astals,

A critical review on anaerobic co-digestion achievements between 2010 and 2013,
Renew. Sustain. Energy Rev. 36 (2014) 412-427, https://doi.org/10.1016/j.
rser.2014.04.039.

D.J. Batstone, S. Tait, D. Starrenburg, Estimation of hydrolysis parameters in full-
scale anerobic digesters, Biotechnol. Bioeng. 102 (2009) 1513-1520, https://doi.
org/10.1002/bit.22163.

B. Demirel, O. Yenigiin, Two-phase anaerobic digestion processes: a review,

J. Chem. Technol. Biot. 77 (2002) 743-755, https://doi.org/10.1002/jctb.630.
N. Nasr, E. Elbeshbishy, H. Hafez, G. Nakhla, M.H.E. Naggar, Comparative
assessment of single-stage and two-stage anaerobic digestion for the treatment of
thin stillage, Bioresour. Technol. 111 (2012) 122-126, https://doi.org/10.1016/j.
biortech.2012.02.019.

T. Noike, G. Endo, J. Chang, J. Yaguchi, J. Matsumoto, Characteristics of
carbohydrate degradation and the rate-limiting step in anaerobic digestion,
Biotechnol. Bioeng. 27 (1985) 1482-1489, https://doi.org/10.1002/
bit.260271013.

C. Sawatdeenarunat, K.C. Surendra, D. Takara, H. Oechsner, S.K. Khanal,
Anaerobic digestion of lignocellulosic biomass: challenges and opportunities,
Bioresour. Technol. 178 (2015) 178-186, https://doi.org/10.1016/j.
biortech.2014.09.103.

S. Xie, F.I. Hai, X. Zhan, W. Guo, H.H. Ngo, W.E. Price, L.D. Nghiem, Anaerobic co-
digestion: a critical review of mathematical modelling for performance
optimization, Bioresour. Technol. 222 (2016) 498-512, https://doi.org/10.1016/j.
biortech.2016.10.015.

R. Girault, P. Rousseau, J.P. Steyer, N. Bernet, F. Béline, Combination of batch
experiments with continuous reactor data for ADM1 calibration: application to
anaerobic digestion of pig slurry, Water Sci. Technol. 63 (2011) 2575-2582,
https://doi.org/10.2166/wst.2011.594.

D.N. Moriasi, J.G. Arnold, M.W.V. Liew, R.L. Bingner, R.D. Harmel, T.L. Veith,
Model evaluation guidelines for systematic quantification of accuracy in watershed
simulations, ASABE 50 (2007) 885-900, https://doi.org/10.13031/2013.23153.


http://www.sciencedirect.com/science/article/pii/S0043135416301397
http://www.sciencedirect.com/science/article/pii/S0043135416301397
https://doi.org/10.1016/j.cej.2015.10.110
https://doi.org/10.1016/j.watres.2017.11.012
https://doi.org/10.1016/j.watres.2017.11.012
https://doi.org/10.2166/wst.2006.520
https://doi.org/10.2166/wst.2006.520
https://doi.org/10.1016/j.bej.2013.06.018
https://doi.org/10.1016/j.bej.2013.06.018
https://doi.org/10.1016/j.biortech.2014.10.138
https://doi.org/10.1016/j.biortech.2014.10.138
https://doi.org/10.1016/j.bej.2015.03.007
https://doi.org/10.1016/j.procbio.2019.05.023
https://doi.org/10.1016/j.procbio.2019.05.023
https://doi.org/10.1016/j.bej.2017.08.004
https://doi.org/10.1016/j.bej.2017.08.004
https://doi.org/10.1016/j.rser.2016.06.096
http://refhub.elsevier.com/S2213-3437(21)00170-6/sbref28
http://refhub.elsevier.com/S2213-3437(21)00170-6/sbref28
http://refhub.elsevier.com/S2213-3437(21)00170-6/sbref28
http://refhub.elsevier.com/S2213-3437(21)00170-6/sbref29
http://refhub.elsevier.com/S2213-3437(21)00170-6/sbref29
http://refhub.elsevier.com/S2213-3437(21)00170-6/sbref29
http://www.sciencedirect.com/science/article/pii/B9780080217918500196
http://www.sciencedirect.com/science/article/pii/B9780080217918500196
https://doi.org/10.1007/s11814-017-0246-3
https://doi.org/10.1007/s11814-017-0246-3
https://doi.org/10.1002/jctb.2622
https://doi.org/10.1016/j.watres.2012.04.028
https://doi.org/10.2166/wst.2006.521
https://doi.org/10.1016/j.biortech.2007.11.035
https://doi.org/10.1016/j.biortech.2007.11.035
https://doi.org/10.1016/j.cej.2010.08.069
https://doi.org/10.1016/j.cej.2010.08.069
https://doi.org/10.1016/s0960-8524(00)00023-7
https://doi.org/10.14483/udistrital.jour.reving.2017.2.a07
https://doi.org/10.1016/j.wasman.2014.10.013
https://doi.org/10.1016/j.bej.2016.12.014
https://doi.org/10.1007/s00449-006-0062-3
https://doi.org/10.1007/s00449-006-0062-3
https://doi.org/10.1016/j.cej.2014.04.076
https://doi.org/10.1061/(asce)0733-9372(2001)127:2(98)
https://doi.org/10.1061/(asce)0733-9372(2001)127:2(98)
https://doi.org/10.2166/wst.2006.531
https://doi.org/10.1016/j.rser.2014.04.039
https://doi.org/10.1016/j.rser.2014.04.039
https://doi.org/10.1002/bit.22163
https://doi.org/10.1002/bit.22163
https://doi.org/10.1002/jctb.630
https://doi.org/10.1016/j.biortech.2012.02.019
https://doi.org/10.1016/j.biortech.2012.02.019
https://doi.org/10.1002/bit.260271013
https://doi.org/10.1002/bit.260271013
https://doi.org/10.1016/j.biortech.2014.09.103
https://doi.org/10.1016/j.biortech.2014.09.103
https://doi.org/10.1016/j.biortech.2016.10.015
https://doi.org/10.1016/j.biortech.2016.10.015
https://doi.org/10.2166/wst.2011.594
https://doi.org/10.13031/2013.23153

	Application of the linearized ADM1 (LADM) to lab-scale anaerobic digestion system
	1 Introduction
	2 Materials and methods
	2.1 AD digesters and substrates
	2.2 Sample analysis
	2.3 Elemental analysis and BMP test
	2.4 Model description and implementation
	2.5 Sensitivity test and parameter estimations for ADM1
	2.6 Linearization of ADM1
	2.7 MPC application in lab-scale AD system

	3 Results and discussion
	3.1 Substrate characterization
	3.2 Sensitivity test
	3.3 Estimation of parameters for simplification of ADM1
	3.4 LADM output and comparison with ADM1
	3.5 Estimation of biogas production applied in MPC by using LADM

	4 Conclusion
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Acknowledgments
	Appendix A Supporting information
	References


