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I. THE ”HIGH-FIDELITY” MODEL: AGRI-ACODM AS AN
EXTENDED ADM1

The majority of the extensions are described in detail in
other works [5], [4], [11] and are briefly lister hereafter:

• the disintegration step was removed;
• three carbohydrates (Xch) and two proteins (Xpr) with

different hydrolyzing behaviors (readily (r), mildly (m),
and slowly (s) available) have been added [4]. Although
more state variables were added, hydrolysis was still
modeled as first-order process;

• dead bacterial biomass (Xdec) and lignin (Xlig) have been
added, as they present a very different chemical oxygen
demand over volatile solids (COD/VS) stoichiometric
ratio with respect to the original sole non-biodegradable
particulate (Xi);

• precipitation/dissolution processes have been modeled
similarly to [2], and 4 salts have been added to grasp
the fate of total ammoniacal nitrogen N (TAN, Sin),
inorganic dissolved carbon C (Sic) and phosphorous P
(Sip), modeled as in [11];

• to effectively grasp precipitation processes, activity cor-
rections for the non-ideality of the liquid bulk were
added for the acid-base physico-chemical equations;

• the accumulation of VFAs in the bulk is the main cause
for methanogenesis inhibition, due to the pH reduction
it may provoke. In addition, high VFA concentration
was also proved to be inhibiting [9]. The large delay
in the VFA to pH dynamics, especially in well-buffered
systems, makes pH less-likely to be the main cause for
inhibition. For this reason, Monod-like functions for the
methane production kinetics were modified to Haldane-
like ones [8].

The overall differential algebraic equation system is de-
fined as in (1), where x are dynamic variables, z are algebraic
variables, u are inputs, θ are fixed parameters and y are
measurable outputs. Functions f and g are highly non-linear
(and in some cases ∈C0).

ẋ = f(x,z,u,θ)
0 = g(x,z,u,θ)
y = h(x,z,u,θ)

(1)

The vector of parameters θ is partitioned into θu,i, represent-
ing the concentration (kg m−3) of state variables in the ith co-
feedstock (for each of the n co-feedstocks in the input flux),

and θp, namely stoichiometric, physico-chemical and kinetic
parameters (actually a function of process temperature).

An example of ODE for the liquid-solid mixture mass
balances is Eq.2, i.e.;

ẋ =
∑

n
i=1 ui

V
(xin −x)+KGr(x,θ p,z)

xin =
∑

n
i=1 uiθu,i

∑
n
i=1 ui

(2)

where x are the state variables, V (m3) is the reactor volume,
ui (m3 d−1) is the volume flowrate of the ith input co-
feedstock, KG is the transposed stoichiometric Gujer matrix
that guarantees COD and mass conservation (C, N, P),
extended and modified according to the new variables and
processes introduced and r the vector of process kinetic rates.
An example of model non-linearities is shown in Eq. (3), that
defines the reaction rate rac of the acetoclastic methanogens
population (Xac), i.e.,

r = kmax,ac fpH
Kinh,nh3

Kinh,nh3 +Snh3

Sac

Ks,ac +Sac +
S2

ac
Kinh,ac

min
j

(
S j

S j +Ks, j

)
Xac (3)

where kmax,ac is the maximum specific process rate and
fpH is the function that describes pH dependency [3]. The
inhibition constant for free ammonia concentration (Snh3)
is Kinh,nh3 and Ks, j is the half-saturation constant for the
limiting nutrient S j ( j = {P,N}) [3]. The inhibition (Kinh,ac)
and the half-saturation (Ks,ac) constants outline the Haldane-
like function for total acetate concentration (Sac) uptake. For
gaseous states, Eq. (2) still holds and has a null influent
contribution, V is the reactor head-space volume and ui is
the biogas outflow, regulated by a SISO PI controller that
keeps it slightly over atmospheric pressure. The gas/liquid
transfer kinetic rates are described according to the Fick’s
law. The much faster acid-base physico-chemical reactions
have been modeled as an algebraic equation system (z∈R30)
[2].

The model, named agri-AcoDM, was implemented using
Modelica, an open-source, high-level, declarative and object-
oriented modeling language, and employing the free Open-
Modelica interpreter [12].



II. THE ”REDUCED-ORDER” MODELS: AM2HN AND
AM2HNTAN AS EXTENDED AM2

The ordinary differential equation system is defined as in
4 (with rational non-linear f and g) and described hereafter.{

ẋ = f(x,u,θ)
y = h(x,u,θ)

(4)

Ẋh = D(Xh,in −αXh)−khXh (5)
Ẋ1 = (µ1 −αD− kd,1)X1 (6)
Ẋ2 = (µ2 −αD− kd,2)X2 (7)

Ṡ1 = D(S1,in −S1)− k1µ1X1 +
COD
VS

khXh (8)

Ṡ2 = D(S2,in −S2)+ k2µ1X1 − k3µ2X2 (9)
Ż = D(Zin −Z)+NxhkhXh−
−Nx((µ1 − kd,1)X1 +(µ2 − kd,2)X2) (10)

Ċ = D(Cin −C)+ k4µ1X1 + k5µ2X2 −qC (11)
Ṅ = D(Nin −N)+NxhkhXh−
−Nx((µ1 − kd,1)X1 +(µ2 − kd,2)X2) (12)

y1 = qM = k6µ2X2 (13)
y2 = qC = kLa(CO2 − kHPc) (14)

where:

µ1 = µmax,1
S1

S1 +Ks,1
(15)

µ2 = µmax,2
S2

S2 +Ks,2 +
S2

2
KI2

(
Kinh,nh3

Kinh,nh3 +Snh3

)
(16)

CO2 =C+S2 −Z (17)

φ =CO2 + kHPt +
qM
kLa

(18)

Pc =
φ −

√
φ 2 −4kHPtCO2

2kH
(19)

pH =− log10

(
kbCO2

Z −S2

)
(20)

S+H =

(
1

10

)pH

(21)

Snh3 =
Ka,NH4N

Ka,NH4 +S+H
(22)

xin =
∑

n
i=1 uixin,i

∑
n
i=1 ui

with x ∈ {S1,S2,C,N,Z} (23)

Xh,in =
∑

n
i=1 uiBDvs,iV Si

∑
n
i=1 ui

(24)

In the above equations, Xh (gV S L−1) is a vector ∈ Rn

that describes the dynamics of the biodegradable particulate
fraction of each co-feedstock. Both alkalinity (Z) and inor-
ganic carbon (C) states are needed to simulate the carbon
dioxide flowrate (qC) and exploit its measurement. For the
small dilution ratios typical of the operations of interest,
bacterial decay and inorganic N release were considered too.
The COD

VS ratios, the N concentration in Xh (Nxh) and the
biodegradability (BDi) of the ith feedstock volatile solids

(V Si) are fixed as constant and computed from its average
chemical characterization [5]. Similarly, all xin are set from
feedstock characterization, but they can be time-varying. For
the description of all other quantities the reader is referred
to the original AM2 manuscript. Values of other terms,
such as the bacteria N content (Nx) and physico-chemical
equilibrium constants, were taken from the original ADM1
values (corrected with the process temperature). α (i.e. the
ratio between the particulate and soluble matter retention
times) was set to unity. The unit of measure of each quantity
is usually the same of the original manuscript, and where
it is not, it can be intended from Table I (and Table II in
the main manuscipt, where parameters are reported). In the
’AM2HN’ version, the N state equation is not present and
the µ2 expression is reduced to the sole original Haldane
function.

Constants: COD
VS = [1.27, 1.49, 1.39] gCOD g−1

V S ; Nxh =
[0.89, 1.53, 7.34] mmolN g−1

V S ; Nx = 8.58 mmolN g−1
V S , Ka,nh4,

Ka,co2 = 1.85e−9, 5.08e−7 mmol L−1; kH = 22.7 mmol L−1

atm−1.

III. PARAMETER ESTIMATION

A. Parameter subset selection (PSS)

the dataset The agri-AcoDM simulation was started from
25/10/2023 to discard the first period of inoculum adaptation
out of the training/test datasets. In addition, the initial condi-
tions were set equal to steady-state values from a simulation
with constant initial diet feeding.

In addition to the 24 most uncertain kinetic θp, other
18 θu,i (i = 1...n) were selected to conduct the sensitivity
analyses, for a total of 78 parameters (n = 3). Since a good
organic characterization was carried out at least once for each
of the ith co-feedstock, no θu,i was considered for estimation
given their much lower range of uncertainty with respect
to θp’s. Indeed, the overall BDvs,i were computed from
the asymptotic value of the BMP tests (BMP∞,i), whereas
literature/hypothesized values were set for its fractioning
among the different macromolecule contributions [22].

The global (G.)/multiple-at-a-time dynamic sensitivity
analysis (Sobol’s first-order indexes method) was computed
exploiting the python SALib package [15]. The latter is
particularly advised for non-linear models, but two main
drawbacks are (i) the high computational burden to guarantee
convergence and (ii) the risk of biased results when crossing
certain regions of the parameter space (e.g. bifurcation given
by Haldane inhibition) [18]. The computation of the sensitiv-
ity matrixes and the related Fisher Information Matrix (FIM)
based on global sensitivity analysis (GFIM) was previously
carried out in [1].

B. Estimation and uncertainty quantification

The Differential Evolution (DE) and Nelder-Mead (NM)
algorithms embedded in the python SciPy library [20] were
exploited, with default options except from the ’polish’ and
’maxiter’ options set at 30 and True respectively, for the DE.
DE is a good way to tackle the issue of local minima, but
its slow convergence rate restricts it to offline estima-tion



problems. The parameters were always scaled to the (1,10)
range to improve the performances of the minimization
algorithms and to compute the arrival cost in the model
adaptation scheme. The average value of data (ȳ) were used
to normalize simulation errors of different magnitudes for the
different outputs: it was preferred to the standard L1- and L2-
norms as these tend to reduce the relevance of low values
of y. The wy were set to have the same order of magnitude
of MRSE% for all the outputs at the first iteration of the
minimization algorithm.

Spearman’s coefficient of determination (R2) and Mean
Absolute Relative Error (MARE) were used to quantify
model performances, in light of the consideration in [14].

For the computation of the FIM and related 95% confi-
dence intervals (CI) of the parameter estimates, hypothesis
testing and the linear propagation of uncertainty from the es-
timates to the model outputs, the procedures in [8], [19], [7]
were followed. For the weighing matrix in the computation
of the FIM, a constant relative variance was adopted for the
error model: 20% Sac and Spro, 2%-5% on gas measurements.

For the AM2HN/tan models, all state initial conditions at
15/12/2024 were set consistently with agri-AcoDM. In the
first stage of the AM2HN/tan parameter estimation: (i) all the
available correspondences between ADM1- and AM2-like
variables were exploited [13], as reported in Table ??, and
(ii) the hightly excinting input was obtained varying, within
reasonable operating values, both D (0.015-0.045 d−1) and
the diet composition (the fraction of each co-feedstock in the
diet changed up to 40%).

IV. FULL-SCALE APPLICABILITY: THE DATASET

The aim of the experiments on the pilot-scale reactors
was to reproduce the operating conditions of the full-scale
reactor from which the pilot-scale reactors (12 L working
volume reactor, T = 42°C, initial D = 0.031 d−1 and
organic loading rate (OLR) = 2.84 gCOD d−1 L−1) were
inoculated on the 25/10/2023. Similar loading rate and diet
composition (30, 47 and 23% on OLR basis for maize silage,
cow slurry and tomato sauce respectively) were maintained
at first. Afterward, the dataset entails the control experi-
ment described in [6]. The online control scheme consisted
of equipping the methane flow (Qch4) controller with an
override from the biogas composition (i.e., the CO2/CH4
ratio) controller, to guarantee less inhibition-prone transients.
Indeed, the latter is a fair and cheap online proxy of total
VFA concentration [6]. Due to equipment limitations: i)
tomato sauce was fed with the available peristaltic pumps
as control action; ii) maize silage and cattle slurry were
fed manually and impulsively 3 times a week; iii) the gas
composition (%CH4,%CO2,%O2,H2S in ppm) was analyzed
every 3 liters of biogas accumulated in gasbags, whereas
the biogas flowrate and pH were logged every minute. For
this reason, both models were extended with mass balance
equations to reproduce the delay in the measurement of
gas composition given by its accumulation in the gasbag.
In general, the experimental conditions were a bit more
challenging than actual full-scale applications. Tomato sauce

was selected to conduct the automatic control experiment as
a pumpable substitute for the OLR portion of other TS-rich
agro-products and industrial by-products.

In addition to gas data, it is reasonable to assume that
some spot (i.e. offline) VFA and TAN measurements would
be available at full-scale, especially during transients of diet
change: offline digestate measurements (VS, soluble COD,
TAN, VFA composition) were taken manually 3 times a
week, before reactor manual feeding, and in few other occa-
sions. Butirate and valerate were not exploited as frequently
found below the detection limit.

The peculiarity of the entire dataset (15/12/2023-
10/04/2024) is that it entails also long reactor free-
response (i.e. not-fed reactor/discharge/under-loaded) peri-
ods (22/12/2023-08/01/2024; 18-25/03/2024) and impulse
responses (in particular, a maize impulse on 26/03/2024),
as well as the transient dynamic between two different diet
compositions (diet change; with re-spect to the diet applied
till 05/02/2024, +53% maize silage feed rate, -27% cow
slurry and an average +89% tomato sauce (managed by
the controller), were fed af-ter 23/02/2024). Although in
practice it is not realistic to have such an informative dataset
from continuous full-scale operation, it remains a good
general guideline to select a period with different operating
conditions for training/calibration, because it tends to prevent
overfit-ting itself. Test/validation set was also selected as
meaningful to verify for the process ’understanding’ of the
model. Anyway, if the available dataset is actually ’poorer’, a
modeler could compensate with more batch tests as described
below, with limited additional ex-penditure for plant owners.

The feedstock characterization as in [5] was performed
two times throughout the whole period, with the exception
of the measurements of the slurry TS/VS, that was repeated
for each stored tank, and the characterization of tomato
sauce, that was mainly taken from the commercial label and
completed with one VFA measurement.

The BMP tests that were run before the beginning of
the pilot-plant operation were inoculated from the reference
full-scale reactor, and their data was used to derive the
information about the feedstock’s biodegra-dability (BDV S)
and a first guess for kh. The BMP of cow slurry only was
repeated on the 10/04/2024, inoculated from the pilot-scale
reactor, and exploited along with the others activity tests in
the estimation of the agri-AcoDM θp.

All BMP tests were designed according to standardized
protocols [16]; the start pH value and the hourly Qch4
were manually and automatically recorded respectively. The
AMPTS equipment (from BPC Instruments AB, Sweden)
was used to record the hourly Qch4 of all the batch tests.

V. RESULTS AND DISCUSSIONS

In the following text and Tables, the vectorization within
square brackets refers to the list of co-feedstocks and its
ordering is ’[maize silage, cow slurry, tomato sauce]’.

The BMP tests conducted before the pilot experimentation
resulted in BMP∞= [408, 214, 386] NmLCH4 g−1

V S (BDV S=
[82, 45, 79]%). The results of the cow slurry BMP test



TABLE I
VARIABLE CORRESPONDENCE AND CONVERSION BETWEEN AGRI-ACODM AND AM2HN/TAN MODELS

Variable agri-AcoDM Conversion*

State variables

∑
n
i=1 Xh,i [gV S L−1]* Xch,r,Xch,m,Xch,s,Xpr,r,Xpr,s,Xli [gCOD L−1]

Xch,r+Xch,m+Xch,s
COD/V Sch

+
Xpr,r+Xpr,s
COD/V Spr

+ Xli
COD/V Sli

S1[gCOD L−1] Ssu, Saa, S f a [gCOD L−1] Ssu + Saa + S f a

S2 [mM] Sva, Sbu, Spro, Sac [gCOD L−1] 1000
(

Sva
208 +

Sbu
160 +

Spro
112 + Sac

64

)
X1 [gV S L−1] Xsu,Xaa,X f a [gCOD L−1]

Xsu+Xaa+X f a
COD/V Sbm

X2 [gV S L−1] Xac,Xh2,Xc4,Xpro [gCOD L−1] Xac+Xh2+Xc4+Xpro
COD/V Sbm

Z [mM] Sva,Sbu,Spro,Sac [gCOD L−1], 1000 ( Sva
208 +

Sbu
160 +

Spro
112 + Sac

64 +

Shco3,Sco3,Snh3,Soh,Sh,Shpo4,Spo4,Sh3po4 [M] Shco3 +Snh3 +2Sco3 +Soh −Sh +Shpo4 +2Spo4 −Sh3po4)

C [mM] Sic [M] 1000 Sic

N [mM] Sin [M] 1000 Sin

Calculation variables

CO2 [mM] SCO2 [M] 1000 Sco2

B [mM] Shco3 [M] 1000 Shco3

pH [–] pH [–] -

qC [mM d−1] ρT,10 [M d−1] 1000 ρT,10

qM [mM d−1] ρT,9 [M d−1] 1000 ρT,9

Pc [atm] Pgas,co2 [bar] Pgas,co2
Pgas,co2+Pgas,ch4

Snh3 [mM] Snh3 [M] 1000 Snh3

*n = number of co-feedstocks in the diet **COD/VS [ch, pr, li, bm] = [1.18, 1.53, 2.83, 1.41] gCOD g−1
V S

TABLE II
SUMMARY OF THE MEASUREMENTS INCLUDED IN THE DATASET AND THEIR DIFFERENT EXPLOITATION

Name UdM Type Experiment type Ny Date Exploitation

Qch4 L h−1 online pilot 840 15.12.2023-19.01.2024 training
Qch4 L h−1 online pilot 1968 19.01.2024-10.04.2024 test
Qch4 L h−1 online batch activitySac,0* = 3 g L−1 408 10.04.2024-27.04.2024 training
Qch4 L h−1 online batch activity Sac,0 = 10 g L−1 408 10.04.2024-27.04.2024 training
Qch4 L h−1 online batch activity Spro,0 = 3 g L−1 408 10.04.2024-27.04.2024 training
Qch4 L h−1 online batch activity Spro,0 = 6 g L−1 408 10.04.2024-27.04.2024 training
Qch4 L h−1 online batch BMP cow slurry 408 10.04.2024-27.04.2024 training
Qco2 L h−1 online pilot 840 15.12.2023-19.01.2024 training
Qco2 L h−1 online pilot 1’968 19.01.2024-10.04.2024 test
Sac mg L−1 offline pilot 10 15.12.2023-19.01.2024 training
Sac mg L−1 offline pilot 62 19.01.2024-10.04.2024 test
Spro mg L−1 offline pilot 10 15.12.2023-19.01.2024 training
Spro mg L−1 offline pilot 62 19.01.2024-10.04.2024 test
TAN mgN L−1 offline pilot 18 15.12.2023-10.04.2024 manual tuning
pH - online pilot 2’808 15.12.2023-10.04.2024 test

*The initial concentration of the specific substrate is reported for batch activity tests.

were confirmed by the same test conducted at the end of
the pilot operation and that was considered as part of the
dataset (∼10% deviation).

A. Agri-AcoDM calibration and performance

Following the results of the PSS, the too rare measure-
ments of TAN resulted in very poor informative content:
this implied that no parameters with a strong impact on
TAN were selected for estimation. However, even tough TAN
was not affected by strong variations during the whole time
period, a good fit of such data is important for the overall
estimation task, especially when considering operations that
are likely to be prone to Snh3 active inhibition. For this
reason, before automatic parameter estimation, the TAN
data were exploited for a preliminary manual tuning of the

hydrolysis constant (khyd,xprr) only (from 1 down to 0.7 d−1),
to obtain a MARE on TAN below 20%. The introduction
of salt precipitation and acid-base equilibrium non-ideality
revealed to be particularly beneficial for matching the pH at
the beginning of batch activity tests, and this is of particular
interest to give a reliable reconstruction of the initial lag-
phase typical of these tests. Note that, since precipitation is
in place, caution has to be paid in the exploitation of inor-
ganic compound measurements (e.g. TAN and partial/total
alkalinity), because the handling of samples (e.g. dilution)
highly impacts the results. It is thus advised that modelers
do take into account the dilution ratios of these measurements
in their models before computing simulation errors and that
the model tuning guidelines in [2] are followed.



B. AM2HN/tan calibration and performance

Results from the first-stage estimation (i.e. on syn-thetic
data) of the reduced-order models were very satisfactory: R2

was always higher than 0.6, with X1 reaching 0.97. AM2HN
was better over X1, whereas AM2HNtan was better over X2
and S2.

The ’inner’ stoichiometric parameters (k1, k2, k3) were
not included in the PSS scheme to be possibly ’refined’ on
real data: the modeling and estimation approach that was
followed indeed trusts agri-AcoDM for the estimation of
parameters that strongly affect the trajectories of states for
which no validation data are available (namely X1, X2 and
S1).

C. ’Online’ model adaptation: AM2HN parameter update

In [10], two possibilities of model adaptation schemes
are considered if model mismatches increases online during
operation: (i) when the system input varies substantially with
respect to the previous working conditions, a parallel data-
driven model of the residuals is added in a parallel hybrid
modeling scheme, whereas (ii) if the system input did not
change, model parameters are re-estimated. In this work, the
AM2HN/tan models were built to have a sufficient prediction
capability for different input conditions, so that the ’(ii)’ case
was considered.

In light of model-based control schemes, the aforemen-
tioned approach was tested in view of the asynchronous
separation between state and parameter online estimations,
that can be beneficial with respect to a unique exogenous
state observer (e.g. EKF with state vector augmented with
practically identifiable parameters such as µmax,2); otherwise,
the risk is to follow too much the measurement noise or
to ’absorb’ the measurement information on the parameter
instead of on the state estimates, if some collinearity between
states and parameters is present on the output measurements
(e.g. µmax,2 and X2 on qM).

The arrival cost itself plays a role similar to the one of
the PSS scheme in reducing the risk of overfit and it is
effective in online schemes where the need for exploration is
generally lower than the one for exploitation of the parameter
values learned on old data and/or offline. Compared to [21],
a more naive yet intuitive weighting (Wθ ) based on the
local relative-relative sensitivity ranking indexes computed
on the kth time window was applied to the arrival cost.
An affine linear mapping (Eq.25) was selected with user-set
intercept and slope (a,b) to move from the local relative-
relative sensitivity ranking indexes of each jth element of
the parameter vector θp to its arrival cost’s weight. Indeed,
Wθ is a square diagonal matrix with the jth element defined
as:

w j, j = a+brk(θp, j) (25)

with rk being the index of the δ msqr metric of the parameter
θp, j in the SIrr,k ranking, evaluated on the kth time window.
In this work, a and b were set to 10 and 30 respectively to
obtain similar order of magnitudes for the different terms of
the cost function at the beginning of the optimization on the

first time window, if the initial guess of θ ∗
p,1 is set randomly

from the Gaussian distributions of the θ ∗
p learned offline

(expected values ± standard deviations). The exploitation
of Sobol’s sensitivity computed within narrow bounds from
the reference/previous parameter values is expected to lead
to more robust results, but it was not selected for online
purposes due to its high computational burden. The most
useful information that can be extracted by this approach is
a mapping F between the parameters and the states, outputs
and/or inputs (θp(t) = F(x(t),y(t),u(t))), but much more
data would be required to obtain a statistically meaningful
map.

In the prospective of a nonlinear model predictive con-
troller (NMPC), although ’prior’ model trajectories (with
θ ∗

p,k−1) presented a worse fitting over some windows, the
update could be beneficial to prevent overloading the system
(e.g. on the 4th and 5th windows, where S2 accumulation is
foreseen); with this in mind, slack variables will be needed
to guarantee recursive feasibility if an upper bound on S2 is
enforced as state constraint.

VI. CONCLUSIONS

Testing PSS methods that better deal with the true (i.e. not-
Gaussian) uncertainty probability distribution (e.g. profile
likelihood) will be carried out on the same dataset for a fair
comparison [17].

The ultimate goal will be to design and validate robust
NMPC schemes able to improve the control performances
with respect to the results obtained testing the classical con-
trol scheme described in [6], over similar diet change: indeed,
good tracking performance and controlled Qch4 improvement
was achieved after the period of diet change, but the tracking
was poor on the transient because of the inability of the
classical control to foresee process inhibition.
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