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In the following, some further methodological details and result materials are reported, as referenced in the text of the
main manuscript. Section I reports a brief yet comprehensive literature review of state estimation and model-based control
of the AcoD process. Section II extensively describes both high-fidelity (agri-AcoDM) and reduced-order (AM2HNtan →
AM2HNobs) models. Details about feedstocks’ characterization, EKF formulation, the selector-PI algorithm, NMPC control
law/design parameters and details about practical closed-loop implementation of the real bench-scale facility are reported
too. Further results about models’ performances, EKF tuning, the comparison between the two controllers and practical
observability are reported in Section III.

In the tables, a minor notation simplification is adopted, whereby ea is used in place of ×10a for each a exponent for the
sake of readability.

Vectors in Rm (e.g., CODXh/VSXh , kh and Xh) are ordered as maize silage,cow slurry, tomato sauce. Accordingly, index
(1) refers to maize silage, (2) to cow slurry, and (3) to tomato sauce.

For ease of interpretation of tabulated and plotted values, the following approximate conversions may be used: (i) gaseous
flow rates can be converted from mmol L−1 d−1 to LGAS LREACTOR

−1 h−1 dividing by ≃ 39; (ii) TVFA can be converted
from mmol L−1 to gCOD L−1 by multiplying by 0.06.

I. LITERATURE REVIEW

A. State observer

In literature, many state observer’s designs have been proposed for the AD process, but, coherently to the suggested
controllers, the vast majority focuses on the AM2 model and/or misses experimental validation [8], [9], [18], [19], [37],
[42], [43], [45], [53], [54], [62], [64], [66]. Among the works that resulted from the Scopus database1, some conducted
experimental validations, but mainly in the case of the mono-digestion of simple/easily biodegradable feedstocks [3]–[5],
[20], [22], [29], [33], [43], [46], [52], [60]. Only two studies departed from the exploitation of the AM2 model, by proposing
Unscented Kalman Filter (UKF)-based observers for case studies close to the one of interest in the current work (a hydrolysis-
extended AM2 [58] and the ADM1-R4 model [36]), but without experimental validation.

For the cases of interest, the main issue preventing the application of the AM2-based state observers developed in literature
is that they rely on the assumption of online measurability of the biodegradable soluble organic matter (S1) and TVFA (S2)
concentrations (e.g. [3]–[5], [18], [19], [29], [37], [46], [52]–[54], [60], [62], [64], [66]); however, this hypothesis holds
true for the mono-digestion of simple/easily biodegradable feedstock only, whereas it does not for plants fed on complex
agro-industrial feedstocks, where such quantities cannot be measured at all or at least with a frequency consistent with
the system’s characteristic time of response (i.e., online). Indeed, as an example, even though the adequacy of automatic
titration-based data (e.g. IA/TAC or FOS/TAC) for general monitoring purposes is undoubted (e.g. IA/TAC ratio proved to
be a reliable indicator of stability against acidification in co-digestion experiments [26]), these cannot be employed as a
reliable proxy for S2 if the presence of other weak acids is relevant (since amino acids, lactic and succinic acids, and humic
substances exhibit dissociation constants within the same pH range of VFAs).

On the other hand, the proposals that consider methane flow rate (qM) as the only online-available data, limit the process
model to the sole two-step reactions’ core of the original AM2 model, i.e. two microbial groups (acidogens X1, methanogens
X2) and their respective substrates (S1,S2), for reasons rooted in the model’s observability (e.g. [9], [20], [22], [33], [42],
[43], [45]). To model the pH and the CO2 gas flow rate (qC) dynamics (exploiting the availability of such measurement for
model training and validation), the inclusion of the dissolved inorganic carbon (C) and total alkalinity (Z) state variables
was required and considered in the original AM2 model version. However, Attar et al. [8] verified that the gas data only
(qM and qC flow rates) are not sufficient to provide full observability for the original AM2 model (5 states out of 6 are
observable), while it is reached when the pH data are considered too. This result was exploited by Raeyatdoost et al. [58]
to design an UKF for an AM2HN-like model applied to the mono-digestion of the organic fraction of municipal solid waste
(OFMSW). Unfortunately, pH is not reliably measurable online in the full-scale plants of interest (due to fouling, clogging,
and rapid calibration drift for electrodes directly inserted in the digesters).
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B. MPC

As suggested in the main manuscript, seeking for contributions in the field of MPC2, literature is very poor in proposals
applied to the AcoD process and/or experimentally validated (see Table S1).

TABLE S1: Main literature contributions about MPC applied to AD/AcoD systems.

Reference Diet Exp.valid. Model State
observer

Notes

Aceves-Lara
et al.
2010 [1]

AD of molasses Yes,
lab-scale

Non-linear ODE system;
glucose metabolism
(one-step* model)

Asymptotic
observer

H2 production from a soluble/easily biodegradable
feedstock.

Haugen et
al. 2014 [33]

AD of diluted
and sieved dairy
manure

Yes, big
pilot-scale
(UASB)

Simplified Hill’s model UKF Neither hydrolysis nor VFA inhibition in the
model. Simple NMPC optimization problem.

Xue et al.
2015 [74]

AcoD of maize
silage and swine
manure

No Multiple-step simplified
ADM1 (from sensitivity
analysis)

UKF Not clear which are the hypothesis on
measurements’ availability.

Mauky et al.
2016 [48]

AcoD of maize
silage and cattle
manure

Yes, agro-
industrial
AcoD
full-scale

Single-step model from
the ADM1 simplification
carried out by Weinrich
et al. [70] (simplified
ADM1-R4)

Missing* Maize silage daily feeding is the only manipulated
variable. Goal of matching a demand-driven
production. *Recursive parameter update included
in the control scheme, but, to the best of the
authors’ understanding, state observer missing

Kil et al.
2017 [38]

AD of soluble
and particulate
substrates

No Reformulated AM2-core
to avoid microbial
concentration as states*;
includes N release to
alkalinity

Recursive
three-step
filter
(RTSF)
and EKF*

Hypothesize biodegradable soluble COD and
TVFA online-measurability. *Maximum rates of
acidogenic and methanogenic degradation as
states, estimated recursively online, along with
process rates and yield coefficients.

Ahmed et
al. 2020 [2]

AD of glucose No Two-step modified AM2
with hydrogenotrophic
methanogenesis

Semi-
mechanistic
estimator*

Hypothesize pH, biodegradable soluble COD and
TVFA online-measurability. Unrealistic availability
of alkali solution supplement as manipulated
variable. *Relies on 48h-delayed offline data of
methanogens concentration.

Piceno-Dı́az
et al.
2020 [55]

AD of tequila
vinasses

No AM2 Missing* Two-step AD. Robust multi-scenario NMPC to
deal with uncertainty in kinetic process parameters.
*Hypothesize unrealistic state-feedback.

Yoshida et
al. 2020 [75]

AcoD of food
and paper wastes

Yes,
pilot-scale

Single-step linearized
state-space data-driven
model

Not
needed

Goal of a demand-driven production. Trapezoidal
setpoint followed manipulating the OLR. Recursive
parameter update included in the control scheme.

Ghanavati et
al. 2021 [28]

AD of waste
activated sludge
(WAS)

No Linear data-driven models
(Auto-regressive moving
average (ARMA))

Not
needed*

Recursive parameter estimation (adaptive ARMA).
Two MPCs with override combined with a fuzzy
reference governor to maximize biomethane only
when operations are considered safe (TVFA values
are below a certain threshold). *Relies on the
unrealistic online-measurability of TVFA.

Li et al.
2021 [44]

AcoD of food
waste, swine
slurry and waste
sludge

Yes,
lab-scale

Linearized version of the
ADM1 (LADM1)

Missing* Two-step AD. Comprehensive modeling effort, but
control problem not extensively described. *To the
authors’ understanding, controller operated in an
open-loop fashion (mainly to validate the model
predictive ability)

Garcı́a-Gen
et al.
2021 [27]

AcoD of sewage
sludge and pig
manure

Yes,
bench-scale

ADM1* Missing* Control of OLR, HRT, diet composition. Manual
feeding (control interval of 5 days, too long to
cope with possible intermediate rise of
inhibitions). *Linear programming combined with
open-loop ADM1 (extended to AcoD) predictions
to optimize OLR after diet mix is defined by the
linear program.

Garcı́a-Gen
et al.
2022 [25]

AD of wine
distillate waste

No AM2 Missing* Control of biomethane flow to reference variable
setpoint. *Preliminary study under hypothesis of
full-state knowledge.

Cortés et al.
2022 [19]

AD of tequila
vinasses
(distillery
effluent)

No Extended AM2 with N
release to alkalinity

Asymptotic
+ Reaction
rate
observers

Hypothesize biodegradable soluble COD and
TVFA online-measurability.

Körber et al.
2022 [41]

AcoD of maize
silage, shredded
sugar beets,
cattle slurry

Yes, small
pilot-scale

Same as Mauky et al.
2016 [48]

Same as
Mauky et
al.
2016 [48]

Flexible biogas production designed to cover the
residual electricity load of a self-sufficient
community.
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Tawai et al.
2022 [66]

AD of winery
wastewater

No AM2 Nonlinear
state
observer

Two-step AD. Hypothesize biodegradable soluble
COD and TVFA online-measurability. Analytical
Model Predictive Control (AMPC) based on
input-output linearization (adaptive optimal
setpoints).

He et al.
2023 [34]

AD of cellulose No Linear data-driven model
(Ultra-Local Model
(ULM))

Not
needed*

Two-step AD. ULM to approximate the complex
system in a short time sliding window.
*Time-Delay Estimation (TDE) to observe
unknown disturbance.

Bai et al.
2024 [10]

AcoD of food
and paper waste,
sieved cattle
slurry

Yes,
fed-batch
small
lab-scale

Linear data-driven model
(Multivariable Output
Error State Space
(MOESP))

KF Control of the overall biogas flow rate to a
setpoint. 21–days experiment: apparently, not very
good tracking results.

Azúa-
Poblete et
al. 2025 [9]

Readily
biodegradable
soluble wastes

No AM2-core EKF Exogenous EKF augmented with additional
unknown disturbance estimation for offset-free
biomethane flow rate tracking.

Pino Santana
et al.
2025 [56]

AD of synthetic
composition

No Nonlinear data-driven
model (long short-term
memory (LSTM))

Not
needed

–

Hellman et
al. 2026 [35]

AcoD of maize,
grass and sugar
beet silages,
cattle manure

No Single-step model from
the ADM1 simplification
carried out by Weinrich
et al. [70] (ADM1-R3)

Missing* Robust multi-stage NMPC to deal with uncertainty
in influent composition. *Recursive parameter
update included in the control scheme, but state
observer missing.

*Note that step in this context refers to the number of steps used to schematize the AD process.

Compared with AD, considerably less attention has been devoted in the literature to the modeling and model-based control
of AcoD systems [50], [73]. Despite the well-known partial observability of the ADM1 model, Gaida et al. [23] developed a
state estimator for such model, based on various machine learning techniques and the sole measurement of pH, gas flow rate
and composition. The estimator was then used along with a NMPC controller in a simulation study [24] applied to the AcoD
of maize silage, cattle slurry and manure, but the experimental validation is missing. Zhou et al. [76] proposed a strategy
in which feed ratio is regulated by a PID controller and setpoints are updated through TVFA/TAC-based rules; however,
the approach was validated in simulation only. Putra et al. [57] employed a simple SISO state-space (linear second-order
input-output model) and PI controllers (rather than a fully model-based control strategy) to regulate the biogas production
rate to a desired setpoint by manipulating the mixture ratio of the co-feedstocks in a real full-scale AcoD plant fed with
corn silage, cattle manure, and other minor TS-rich agro-residues.

Mauky et al. [48] was the first work that considered (N)MPC of AcoD with an experimental validation carried out over a
noteworthy 180 m3 agro-industrial digester. The model complexity was stated to represent a good compromise considering the
prediction accuracy, but under the very strong hypothesis of uninhibited operations only. Indeed, another similar experiment
carried out in Körber et al. [41] highlighted the capability of a very simple model to suggest a dynamic feeding regime to
match a desired biogas production, but this did not prevent the controller to temporarily overload the system reaching risky
operative conditions in terms of VFAs accumulation. The main goal of these contributions was the track of a demand-driven
production, rather than production optimization, making their approach unsuitable for the control problem of interest in
this work. With the same goal of demand-driven production, Yoshida et al. [75] tested the tracking of a trapezoidal profile
manipulating the overall OLR of a pilot-scale AcoD reactor fed with food and paper wastes: similar considerations can
be derived, since a single-step linearized state-space data-driven model was employed (no need for state estimation, but
recursive parameter update incorporated in the control scheme). Considering the possibility of dynamic diets and loading
conditions, Garcı́a-Gen et al. [27] combined linear programming and an ADM1-based AcoD model in an open-loop optimal
control problem aimed at calculating the discrete-time evolution of the OLR and diet composition: the ADM1-based AcoD
model is used to estimate the future biomethane production rates, based on the proposed sequence of future AcoD feedings
optimized statically by the linear program. The OLR sequence is thus optimized dynamically by minimizing the biomethane
flow rate tracking error. After a comprehensive modeling effort, Li et al. [44] exploited a linearized version of the ADM1
as predictor in an MPC to control a real lab-scale reactor: yet, the control problem was not extensively described and, to the
authors’ understanding, the controller was operated in an open-loop fashion, with the main goal of validating the predictive
ability of the model. Bai et al. [10] studied fed-batch, small lab-scale AcoD of food and paper waste mixed with sieved cattle
slurry, identifying a linear data-driven model and employing a Kalman Filter for state estimation. The control objective was
the regulation of the biogas flow rate to a setpoint; however, the 21–day experimental campaign reported relatively limited
tracking. Other valuable simulation studies of the advanced control of AcoD systems were conducted, but always missing
the experimental validation [35], [74].

When looking for explicitly robust NMPC formulations applied to the AD process, the only contributions present in
literature are 3 simulation-only works: one multi-scenario [55], one tube-based [16] (interestingly, both report the same way
to assess the robustness of the controller with respect to the model uncertainties in the kinetic parameter values, i.e. MC



analysis [49]) and one multi-stage [35] (to handle the uncertainty in the characterization of the influent diet).

II. MATERIALS AND METHODS

A. High-fidelity model: the agri-AcoDM model

The original ADM1 as implemented in Rosén&Jeppsson [61] was extended from its original purpose (the AD of waste
sludge) to embrace the AcoD of multiple agro-industrial feedstocks. The resulting model was called “agri-AcoDM”. The
digester is represented as a 0-D CSTR, where the bulk liquid phase is treated as a three-phase heterogeneous mixture (soluble
components, particulate matter, and dissolved gases), and the headspace gas phase is modeled as an ideal mixture of perfect
gases. A description of each state variable is reported in Table S2. Details about the quantities involved in the fractionating
of feedstocks’ complex VS are reported in Section II-C. The main modifications and extensions are summarized hereafter:
• for each state variable, the influent forcing term is computed as the flow-weighted average of the corresponding influent

concentrations in the co-feedstocks (ideal mixing, see for example Eq. (23));
• the disintegration process was neglected, as suggested by Batstone et al. [12] (original complex particulate variable XC

initialized in 0 and lack of any forcing term);
• the elemental composition of macromolecules Xch, Xpr, Xli and microbial biomass was taken from Weinrich et al. [70];
• the unique state variables of biodegradable carbohydrates and proteins were de-lumped into three (readily Xch,r, mildly

Xch,m, slowly Xch,s) and two (readily Xpr,r, slowly Xpr,s) fractions with different hydrolytic behavior (first-order processes),
similarly to Waskielis et al. [68];

• as it presents a different elemental composition with respect to the above-mentioned carbohydrates and particulate inerts
XI , a new inert state variable Xlig was added for lignin (composition taken from Triolo et al. [67]);

• for the same reason, another inert state variable Xp was added for dead microbial biomass, as suggested in Wett et
al. [72] (N content taken from Koch et al. [40], C and P from Flores-Alsina et al. [21]);

• in time-varying AcoD operations, the elemental compositions of XI and SI (and the consequent COD over VS ratios)
were computed dynamically depending on the mass apportion of inert macromolecules by the different co-feedstocks,
to guarantee COD, C, N and P conservation across the digester;

• microbial biomass decay products were re-allocated into Xch,s (27.5%), Xpr,s (27.5%), Xli (35%), XI (8%, as in Koch
et al. [40]) and SI (remaining 2%);

• for a more accurate prediction of dissolved inorganic nutrients’ availability and pH:
– P was included as limiting nutrient in microbial kinetics, as in Flores-Alsina et al. [21], with the introduction of the

SIP state as a source-sink (biological assimilation/release) that guarantees elemental balance across the digester;
– three liquid phase inorganic carbon species (dissolved carbon dioxide Sco2, bicarbonate Shco3, and carbonate Sco3)

and four inorganic phosphorus species (phosphate Spo4, hydrogen phosphate Shpo4, dihydrogen phosphate Sh2po4, and
phosphoric acid Sh3po4) were included. Furthermore, three cationic total components were added as states (potassium
SK , calcium Sca, and magnesium Smg);

– ionic strength I and consequent activity corrections were computed to account for the non-ideality of the acid-base
equilibrium in the liquid bulk;

– mineral precipitation was implemented as in Flores-Alsina et al. [21] and dissolution as in Aparicio et al. [6]. Four
salts were selected and added as states, namely: amorphous calcium phosphate Ca3(PO4)2 (Xacp), magnesium struvite
MgNH4PO4 (Xstru), calcium carbonate CaCO3 (Xccm) and magnesite MgCO3 (Xmag);

• Monod functions were substituted with Haldane ones for total acetate (Sac) and propionate concentration (Spro) uptake
by the acetate and propionate degraders (Xac and Xpro) respectively;

• Temperature correction coefficients for mesophilic conditions were assumed as in Siegrist et al. [65].
Minor additional extensions include: (i) variable-volume operational mode; (ii) free ammonia gas/liquid mass transfer with

the addition of the Sgas,NH3 state; (iii) correction of mass transfer coefficient (kLa) for different gases using their diffusivities.
Further details about the main model extensions are reported in Carecci et al. [14].
Figure S1 schematizes the main biomass transformation processes included in the model, mainly hydrolysis, acidogenesis,

acetogenesis, acetoclastic and hydrogenotrophic methanogenesis, mineral precipitation and gas-liquid mass transfer.



"Sinks"

Starch Hemicellulose Cellulose Crude proteins Lipids Lignin

Hydrolysis Acidogenesis Aceetogenesis Methanogenesis

Uptake of Uptake of Uptake of Uptake of 

Uptake of Uptake of Uptake of Microbial decay

Liquid-gas transfer  mineralization  mineralization VS fractionation

Fig. S1: Scheme of the AcoD process with reference to the agri-AcoDM model’s state variables. Gray-colored boxes: new
state variables; yellow-colored boxes: old states with modified elemental composition.

The original ADM1 was implemented in its differential algebraic equation (DAE) version, to reduce stiffness. However,
the inclusion of precipitation processes (dynamics in the order of minutes) reintroduced a certain degree of stiffness, albeit
to a lesser extent. The overall resulting DAE system is defined as Eq. (1), where x ∈ Rn are dynamic state variables
(mainly concentrations of chemical compounds and bacteria populations), ψψψ are algebraic variables (mainly physico-chemical
quantities such as pH and I), u ∈ Rm are inputs (the flow rates of the m co-feedstocks), θθθ are uncertain parameters (both
influent characteristics’ matrix θθθ iiinnn with θθθ iiinnn,i columns ∀i ∈ {1, . . . ,m}, and process θθθ PPP) and y are measurable outputs.
Functions F and G are non-linear (and in some cases not smoothly differentiable).

ẋ = F(x,ψψψ,u,θθθ)
0 = G(x,ψψψ,u,θθθ)
y = H(x,ψψψ,u,θθθ)

(1)

The F mapping (the ODEs of the DAE system) system has the general form of Equation (2), where xin represents influent
concentrations, D = HRT−1 (d−1) is the dilution rate, KG is the stoichiometric (Gujer) matrix, rbk(x) is the vector of
biological reaction rates and rpc(x) accounts for physicochemical processes (e.g. gas–liquid mass transfer).



dx
dt

= D · (xin−x)+KG · rbk(x)− rpc(x) (2)

The convective input term emphasizes the central role of feeding conditions: influent composition and loading directly affect
reactor dynamics and, consequently, process stability (see Section II-C for further details). For simplicity, reactor volume loss
due to biogas production is neglected and (digestate effluent flow rate = ∑

m
i=1 ui), although this assumption may introduce

an error of approximately 5%. The main source of nonlinearities come in rbk(x) and rpc(x) mainly from the interconnected
presence of acid-base equilibrium, pH computation (logarithmic expression), precipitation processes (nonlinear solubility
products and exponential) and Monod/Haldane-like expressions of the microbial kinetics (see Eq. (25)). In particular, the
Haldane function is non-monotonic function with uncertain shape that is commonly used to describe the link biomethane
production and VFAs (e.g., Sac) concentration via microbial’ growth (e.g., Xac), distinguishing limited from inhibited operating
regions.

The values and descriptions of uncertain parameters and constants are reported in the original ADM1 manuscript and
Carecci et al. [14], with the exception of the parameter subset that was tuned on data after model formalization, that are
reported in Carecci et al. [17].



TABLE S2: Agri-AcoDM’s initial conditions (at 13/04/2025 10AM) used to simulate the trajectories reported in the main
manuscript (and in Figure S3 and S4), for reproducibility purposes.

Symbol (unit) Value Description

Saa (gCOD L−1) 4.398e−3 Soluble amino acids concentration in digestate
Sac (gCOD L−1) 1.199 Acetic acid concentration in digestate
San (mmol L−1) 2.266e−2 Residual anions concentration in digestate
Sbu (gCOD L−1) 1.022e−2 Butyric acid concentration in digestate
Sca (mmol L−1) 8.627e−5 Total calcium concentration in digestate
Scat (mmol L−1) 8.530e−2 Residual cations concentration in digestate
SCH4 (gCOD L−1) 1.185e−1 Soluble methane concentration in digestate
S f a (gCOD L−1) 6.506e−2 Soluble long chain fatty acids (LCFA) concentration in digestate
Sgas,ch4 (gCOD L−1) 1.327 Methane concentration in biogas
Sgas,co2 (mmol L−1) 1.556e−2 Carbon dioxide concentration in biogas
Sgas,H2 (gCOD L−1) 1.399e−5 Hydrogen concentration in biogas
Sgas,nh3 (mmol L−1) 1.155e−6 Ammonia concentration in biogas
SH2 (gCOD L−1) 7.320e−7 Soluble hydrogen concentration in digestate
SI (gCOD L−1) 8.477e−2 Soluble inerts concentration in digestate
SIC (mmol L−1) 1.334e−1 Total soluble inorganic carbon concentration in digestate
SIN (mmol L−1) 8.156e−2 Total soluble inorganic nitrogen concentration in digestate
SIP (mmol L−1) 8.193e−4 Total soluble inorganic phosphorus concentration in digestate
SK (mmol L−1) 0 Total potassium concentration in digestate
Smg (mmol L−1) 8.549e−4 Total magnesium concentration in digestate
Spro (gCOD L−1) 5.582e−2 Propionic acid concentration in digestate
Ssu (gCOD L−1) 1.023e−2 Soluble monosaccharides concentration in digestate
Sva (gCOD L−1) 5.224e−3 Valeric acid concentration in digestate
Xaa (gCOD L−1) 3.131e−1 Amino Acid-degrading organisms concentration in digestate
Xac (gCOD L−1) 8.550e−1 Acetate-degrading organisms concentration in digestate
Xacp (mmol L−1) 0 Amorphous calcium phosphate concentration in digestate
XC (gCOD L−1) 0 Complex particulate concentration in digestate
Xc4 (gCOD L−1) 3.169e−1 C4-degrading organisms concentration in digestate
Xccm (mmol L−1) 4.732e−3 Calcium carbonate concentration in digestate
Xch,r (gCOD L−1) 4.591e−1 Particulate readily-biodegradable carbohydrates concentration in digestate
Xch,m (gCOD L−1) 6.504e−1 Particulate mildly-biodegradable carbohydrates concentration in digestate
Xch,s (gCOD L−1) 2.825 Particulate slowly-biodegradable carbohydrates concentration in digestate
X f a (gCOD L−1) 2.512e−1 LCFA-degrading organisms concentration in digestate
XH2 (gCOD L−1) 4.573e−1 Hydrogen-degrading organisms concentration in digestate
XI (gCOD L−1) 14.75 Particulate inerts concentration in digestate
Xli (gCOD L−1) 7.659e−1 Particulate biodegradable lipids concentration in digestate
Xlig (gCOD L−1) 2.772 Lignin concentration in digestate
Xmag (mmol L−1) 2.585e−7 Magnesite concentration in digestate
Xp (gCOD L−1) 3.391e−1 Concentration in digestate of particulate inerts from bacteria decay
Xpr,r (gCOD L−1) 1.081e−1 Particulate readily-biodegradable proteins concentration in digestate
Xpr,s (gCOD L−1) 5.554e−1 Particulate slowly-biodegradable proteins concentration in digestate
Xpro (gCOD L−1) 2.382e−1 Propionate-degrading organisms concentration in digestate
Xstru (mmol L−1) 8.403e−3 Struvite concentration in digestate
Xsu (gCOD L−1) 1.856 Monosaccharide-degrading organisms concentration in digestate
ash (g L−1) 13.09 Ash concentration in digestate

B. Reduced-order model(s)

Starting from the original AM2HN model of Hassam et al. [32], the AM2HNtan was formalized as a good trade-off to
mimic ADM1-like behavior with reduced complexity.

With respect to the DAE system of the agri-AcoDM, the reduced-order models general formulation boils down to a simpler
ODE, since there is not anymore any AE loop to be solved at each step for pH computation (see [11], [14] for further
details). The system is defined in compact form by Eq. (3), where f and h are non-linear functions.{

ẋ = f(x,u,θθθ)
y = h(x,u,θθθ)

(3)



The vector state x ∈ Rn=m+7 = {Xh,X1,X2,S1,S2,Z,C,N} contains:
• Xh ∈ Rm (gV S L−1), that describes the hydrolysis of the biodegradable particulate VS fraction of each co-feedstock;
• X1 and X2 (gV S L−1), that describe the concentrations of acidogenic and methanogenic microbial biomass respectively,

through substrate uptake and biomass decay;
• S1 (gCOD L−1) and S2 (mmol L−1), that describe the concentration of the biodegradable soluble COD and TVFA

respectively, through hydrolysis and microbial metabolism/conversion;
• total alkalinity (i.e. TAC) concentration Z (mmol L−1), impacted by N release from the hydrolysis of proteins, N

microbial uptake and decay;
• inorganic dissolved carbon concentration C (mmol L−1), produced via both acidogenesis and methanogenesis microbial

metabolism/conversion and removed via liquid-gas CO2 stripping;
• total ammonia nitrogen (i.e. TAN) concentration N (mmol L−1), impacted by N release from the hydrolysis of proteins,

N microbial uptake and decay.
With respect to the well-known AM2-core (X1,X2,S1,S2), the model incorporates both Z and C states as in the original

full AM2 model to simulate pH and qC (and, for the latter, exploit its measurement). As in the original AM2HN version,
due to the low D typical of the operations of agro-industrial AcoD digesters, microbial decay and inorganic N release in Z
were considered too. With respect to the original AM2HN model version, the Xh was extended from a single state variable
to a vector ∈ Rm, and the N state was added. Methanogens’ inhibition by free ammonia concentration (Snh3 (mmol L−1))
was also added and modeled as a multiplicative non-competitive inhibition function in the methanogens’ growth rate (µ2)
expression, following the common literature approach.

By applying mass balances to the state variables over the CSTR, considering the above-mentioned biochemical and
physico-chemical processes affecting their dynamics, the ODE system described by Eq.s (4)–(11) is obtained:

Ẋh = D(Xh,in−αXh)−kh⊙Xh (4)
Ẋ1 = (µ1−αD− kd,1)X1 (5)
Ẋ2 = (µ2−αD− kd,2)X2 (6)

Ṡ1 = D(S1,in−S1)− k1µ1X1 +
m

∑
i=1

(CODXh/V SXh)ikh,iXh,i (7)

Ṡ2 = D(S2,in−S2)+ k2µ1X1− k3µ2X2 (8)

Ż = D(Zin−Z)+
m

∑
i=1

NXh,i kh,iXh,i−Nx[(µ1− kd,1)X1 +(µ2− kd,2)X2] (9)

Ċ = D(Cin−C)+ k4µ1X1 + k5µ2X2−qC (10)

Ṅ = D(Nin−N)+
m

∑
i=1

NXh,i kh,iXh,i−Nx[(µ1− kd,1)X1 +(µ2− kd,2)X2] (11)

y1 = qM = k6µ2X2 (12)
y2 = qC = kLa(CO2− kHPc) (13)



where:

D =
∑

m
i=1 ui

V
(14)

µ1 = µmax,1
S1

S1 +KS,1
(15)

µ2 = µmax,2
S2

S2 +KS,2 +
S2

2
KI,2

(
KI,nh3

KI,nh3 +Snh3

)
(16)

CO2 =C+S2−Z (17)

φ =CO2 + kHPtot +
qM

kLa
(18)

Pc =
φ −

√
φ 2−4kHPtotCO2

2kH
(19)

pH =− log10

(
Ka,co2CO2

Z−S2

)
(20)

S+H =

(
1

10

)pH

(21)

Snh3 =
Ka,nh4N

Ka,nh4 +S+H
(22)

x( j)
in =

∑
m
i=1 uiθ

( j)
in,i

∑
m
i=1 ui

, j ∈ {S1,S2,Z,C,N} (23)

Xh,in =
u⊙BDVSp ⊙VSp

∑
m
i=1 ui

(24)

The inputs u ∈ Rm are the flow rates of the co-feedstocks (L d−1) and, for consistency with the industrial practice, the
online outputs y∈R2 = {qM,qC} are only the biomethane (qM) and carbon dioxide (qC) flow rates (mmol L−1 d−1). V (L) is
the reactor liquid working volume and D (d−1) is the dilution rate (inverse of HRT). The presence of multiplicative Monod,
Haldane and/or non-competitive inhibition functions in the expression of the kinetic growth rates of microbes (Eq.s (15)–
(16)) builds up the non-linearity of the model. Indeed, a Haldane-like function (µ2 (d−1), Eq. (16)) is used in the description
of qM production from the uptake of TVFA (state S2 (mmol L−1)) by methanogens (state X2 (g L−1)). Note that the shape
parameters of such non-monotonic function are uncertain and distinguish a limited from an inhibited operating region. Pc
(bar) stands for the partial pressure of CO2 in the gaseous head-space of the reactor and it is used in the qC computation.
The biodegradability (BDVSp ) of the particulate fraction of the volatile solids (VSp) of each co-feedstock is a vector with
m entries fixed as constants and computed from the chemical and biochemical characterizations [14]. Same holds for the
N concentrations (NXh ) and the COD over VS ratios (CODXh/VSXh ) of Xh. Similarly, each entry of θθθ iiinnn,i is set from
feedstocks’ characterization, but it can be time-varying and its flow-weighted average is used to compute the corresponding
entry of the reactor’s influent forcing term vector xin (Eq. (23)). See Section II-C for further details. The values of other
constants such as the microbial biomass N content (Nx) and the physico-chemical equilibrium constants were taken from the
original ADM1 values (corrected with the actual process temperature T ). Unit density for the solid-liquid organic mixtures
(feedstocks and digestate) was considered. The parameter α (i.e. the ratio between the particulate and soluble matter retention
times) was set to unity. The values and descriptions of uncertain parameters and constants are reported in Tables S3 and S4
respectively.

In this work, considering that the system under investigation is highly buffered (N and pH dynamics are dampened) and
that the feeding rates of N-rich co-feedstocks were not used as control actions, ammonia inhibition was neglected and a
simpler AM2HN version was derived by:
• removing Eq. (11) (the N state equation);
• reducing the µ2 expression to the sole original Haldane function for VFA (from Eq. (16) to Eq. (25)).

µ2 = µmax,2
S2

S2 +KS,2 +
S2

2
KI,2

(25)

In other words, compared to the slightly more comprehensive AM2HNtan model, the almost-constant inhibition effect was
indirectly considered in the training phase by the estimation of lower/higher values of the methanogens’ maximum growth
rate (µmax,2)/ half-saturation (KS,2) constants, respectively.



The reduced-order model was tuned in Carecci et al. [17] following a double-stage estimation: first, all parameters were
estimated minimizing the simulation error with respect to a highly-informative synthetic dataset generated from the agri-
AcoDM under strongly exciting and well-distributed inputs’ profiles (“physically-informed” training). Later, a refinement
on real data of the practically identifiable parameters θθθ PPPSSSSSS ⊂ θθθ PPP (parameter subset selection (PSS) algorithm based on
sensitivity and Fisher Information Matrix (FIM) computations) was carried out [17].

Moreover, following structural observability analysis (unobservability of both C and Z) and practical considerations for real-
time implementation (presence of a gasbag before actual biogas composition measurement), some additional modifications
to the above-mentioned AM2HN model version were made:
• a new state variable ξ (mmol L−1) was introduced and defined as the difference between Z and C: Eq.s (9)–(10) were

substituted with Eq. (26). As a consequence, the dissolved CO2 concentration expressed by Eq. (17) was substituted
with Eq. (27);

ξ̇ = Ż−Ċ = D(ξin−ξ )+
m

∑
i=1

NXh,i kh,iXh,i−Nx[(µ1− kd,1)X1 +(µ2− kd,2)X2]− k4µ1X1− k5µ2X2 +qC (26)

CO2 = S2−ξ (27)

• a new state variable xM,gb (-) was introduced to model the fraction of biomethane at the outlet of a biogas gasbag
present between the CSTR and the gas analyzer. Its expression was derived from the molar balance across the gasbag
volume (Vgb (L)), and, as a result, Eq. (28) was added to the ODE system. Accordingly, the biomethane flow rate at
the gasbag outlet is computed from Eq. (29).

˙xM,gb =
V RT

1×103VgbPtot
(qM− (qC +qM)xM,gb) (28)

qM,gb = xM,gbqTOT (29)

The resulting final and locally structurally observable control-oriented model that was used for state estimation and model-
based control was obtained, hereafter referred to as the “AM2HNobs” model. In the latter, the vector state is x ∈ Rn=m+6 =
{Xh,X1,X2,S1,S2,ξ ,xM,gb}.

The online outputs y ∈R3 = {qTOT ,xM,gb,xC,gb} are the biogas flow rate (mmol L−1 d−1) and its composition in terms of
CH4 (xM,gb) and CO2 (xC,gb) fractions, where qTOT = qC +qM and xC,gb = 1−xM,gb. The biogas composition fractions were
chosen as outputs rather than the corresponding flow rates to mitigate noise amplification and thus improve state estimation.
This selection ensures greater consistency with the raw measurements, minimizing error propagation due to additional signal
processing, and accounts for the higher noise levels typically affecting biogas flow rate data compared to gas composition
measurements (see the R values reported in the main manuscript).

The initialization of the state vector used in the present work is reported in Table S5.

TABLE S3: AM2HNobs’ parameter values (see [17] for further details). Parameters that belong to θθθ PPPSSSSSS are recognizable by
the values for which non-negligible ± 95% confidence intervals were reported.

Symbol (unit) Value* Description

α (-) 1 Fraction of microbial biomass in the liquid phase (process heterogeneity)
k1 (gCOD g−1

V S ) 14.5 Stoichiometric coefficient for S1 consumption during acidogenesis
k2 (mmol g−1

V S ) 154 Stoichiometric coefficient for S2 production during acidogenesis
k3 (mmol g−1

V S ) 335 Stoichiometric coefficient for S2 consumption during methanogenesis
k4 (mmolC g−1

V S ) 34.5 Stoichiometric coefficient for CO2 production during acidogenesis
k5 (mmolC g−1

V S ) 391 ± 2 Stoichiometric coefficient for CO2 production during methanogenesis
k6 (mmolC g−1

V S ) 485 ± 2 Stoichiometric coefficient for CH4 production during methanogenesis
kLa (d−1) 30** Gas–liquid mass transfer coefficient
KI,2 (mmol L−1) 55.3 TVFA inhibition constant of methanogens
KS,1 (gCOD L−1) 6.4 Half-saturation constant for acidogenic biomass growth
KS,2 (mmol L−1) 27.7 ± 0.6 Half-saturation constant for methanogenic biomass growth
µmax,1 (d−1) 8.1 Maximum specific growth rate of acidogens
µmax,2 (d−1) 0.14 Maximum specific growth rate of methanogens
kd,1 (d−1) 0.032 Decay rate of acidogens
kd,2 (d−1) 0.011 Decay rate of methanogens
kh (d−1) [0.22 ± 0.01, 0.14 ± 0.02, 0.48 ± 0.13] Hydrolysis constants
KI,nh3*** (mmolN L−1) 8.7 Free ammonia inhibition constant of methanogens
*taken from Carecci et al. [17].
**manually re-tuned in this work, starting from literature correlations [39]
***used only in the AM2HNtan model version. See Carecci et al. [17] for AM2HNtan-coherent parametrization.
S2 value at the Haldane µ2 peak at 39.2 mmol L−1.



TABLE S4: AM2HNobs’ constants.

Symbol (unit) Value Description

V (L) 12 Reactor liquid working volume
Vgb (L) 4.5 Gasbag volume
T (°C) 42 Operating temperature
Nx (mmolN g−1

V S ) 8.58 Nitrogen content in microbial biomass
CODXh/VSXh (gCODg−1

VS) [1.27, 1.49, 1.74] COD over VS ratio of the particulate biodegradable fraction of VS
NXh (mmolNg−1

VS) [0.89, 1.53, 7.69] Nitrogen content of the particulate biodegradable fraction of VS
kH (mmol L−1 bar−1) 22.7 Henry’s constant for CO2
Ptot (bar) 1.035 Total pressure in the CSTR gaseous headspace
Ka,co2 (mmol L−1) 5.08e−7 First dissociation constant of the CO2/HCO−3 system
Ka,nh4* (mmol L−1) 1.85e−9 Dissociation constant of the NH+

4 /NH3 equilibrium
*used only in the AM2HNtan model version.

TABLE S5: AM2HNobs’ initial conditions (at 13/04/2025 10AM), and Z and X bounds. For vectors ∈ Rm it holds: (1):
maize silage, (2): cow slurry, (3): tomato sauce.

x̂0 zlb, zub xlb, xub

X (1)
h (gVS L−1) 2.91 2.00e−6, 15.0 2.00e−6, 15.0

X (2)
h (gVS L−1) 1.20 2.00e−6, 15.0 2.00e−6, 15.0

X (3)
h (gVS L−1) 2.10e−1 2.00e−6, 1.00 2.00e−6, 10.0

X1 (gVS L−1) 1.53 2.00e−6, 3.00 2.00e−6, 10.0
X2 (gVS L−1) 1.26 1.00, 6.00 2.00e−6, 10.0
S1 (gCOD L−1) 8.36e−2 2.00e−6, 3.00e−1 2.00e−6, 1.00
S2 (mmol L−1) 18.8 1.00, 15.0 2.00e−6, 60.0
ξ (mmol L−1) 8.32 -30.0, 10.0 -35.0, 35.0
xM,gb (-) 5.70e−1 5.00e−1, 9.00e−1 3.50e−1, 9.00e−1

C. Co-feedstocks’ characterization

A good characterization for each co-feedstock is usually available in full-scale plants, yet with infrequent updates (e.g.
seasonal) to follow, coherently, the most relevant variations (e.g. ≈ 10% difference in the maize silage VS concentration over
6 months of trench storage). As a result, where possible, the values in Table S6 were taken from measurements conducted
for this work and data provided by the feedstock’s suppliers.

To emulate the input variability typical of full-scale operations, fresh batches of maize silage and cattle slurry were
collected from the same nearby dairy farm every 3 to 4 weeks. Feedstock characterization was intentionally not updated at
each batch change — as this would not be practically scalable — with the exception of TS and VS, in line with full-scale
practice.

BMP tests were conducted in duplicate to measure the biodegradability (BDV S) and BMP∞ of the feedstocks’ overall VS.
BMP data were also used to verify the consistency of the kh (hydrolytic behavior approximated by first-order model) values
considered in this work and previously estimated in Carecci et al. [17].

Where not available, literature values were hypothesized and manually adapted to match the measurements; this held for
example for: (i) the concentration of calcium and magnesium cations in cow slurry and tomato sauce; (ii) the protein, lipid
and carbohydrate content (and composition) of cow slurry; and (iii) the repartition of the BDV S measured from BMP tests
into proteins, lipids, cellulose and hemicellulose (adjusting manually to match the BMP∞). Then, for each co-feedstock:
(i) V Sp was computed subtracting from V S all organic acids and simple sugars; (ii) BDV Sp was computed weighting each
particulate fraction by its biodegradability (100% and 0% biodegradability for starch and lignin respectively); (iii) NXh was
computed from the N content of amino acids and biodegradable proteins; and (iv) CODXh/V SXh was computed weighing the
biodegradable fraction of each V Sp contribution by their literature COD/V S ratio [21], [70]. Consequently, the total COD
and related biodegradability (BDCOD) were computed. The theoretical BMP∞ (BMPth) was computed considering 100%
biodegradability for each macromolecule.



TABLE S6: Feedstocks’ composition data (as measured/from literature).

Maize silage* Cow slurry Tomato sauce* Note

TS (gT S L−1) 364.4 39.00 94.51 Measured
VS (%TS) 93.39 70.60 85.40 Measured
pH (-) 4.00 7.44 4.73 Measured
TAC (mgCaCO3 L−1) 0 7263.3 0 Measured
TAN (mgN L−1) 0 920.00 677.91 Measured
P-PO4 (mgP L−1) 0 88.50 260.0 Measured
Calcium (mol L−1) 1.00e−2 3.50e−3 3.25e−3 Measured. From [14] for cow slurry.
Magnesium (mol L−1) 1.97e−2 7.00e−3 6.58e−3 Measured. From [14] for cow slurry.
Acetate (gCOD L−1) 8.870 1.970 1.257 Measured
Propionate (gCOD L−1) 2.538 1.210 0 Measured
Butyrate (gCOD L−1) 0 3.341e−1 0 Measured
Valerate (gCOD L−1) 0 2.996e−1 1.510e−1 Measured
Sugar (%TS) 6.582 0 52.55 From supplier data
Amino-acid (%TS) 0 0 0 From supplier data
Long-ch. VFA (%TS) 0 0 0 From supplier data
BMP∞ (NmLCH4 g−1

V S ) 421 202 386 Measured
Protein (%TS) 6.533 13.27 18.68 From supplier data. From [14] for cow slurry.
Lipid (%TS) 3.826 4.160 5.839 From supplier data. From [14] for cow slurry.
Cellulose (%TS) 16.49 14.29 0 From supplier data. From [14] for cow slurry.
Hemicell. (%TS) 15.23 8.713 7.007 From supplier data. From [14] for cow slurry.
Lignin (%TS) 4.148 11.70 0 From supplier data. From [14] for cow slurry.
Starch (%TS) 38.15 10.60 0 From supplier data. From [14] for cow slurry.

BDprotein (%) 77 25 50 Taken from [69] and manually adjusted
BDlipids (%) 100 100 50 Taken from [69] and manually adjusted
BDcellulose (%) 36 35 0 Taken from [30], [47], [63] and manually adjusted
BDhemicell. (%) 95 35 35 Taken from [30], [63] and manually adjusted

Carbohyd. (%TS) 80.59 45.29 59.55 Computed
BDV S (%) 82.15 47.79 80.30 Computed
BMPth (NmLCH4 g−1

V S ) 448.5 485.2 456.6 Computed
Tot. COD (gCOD L−1) 436.1 38.15 105.3 Computed
BDCOD (%) 82.12 49.98 74.78 Computed
V Sp (gV Sp L−1) 316.4 27.52 31.04 Computed
BDV Sp (%) 77.65 36.99 44.79 Computed

*exclude VFAs in VS as in Weissbach et al. [71].

The values in Table S6 are supplied to the agri-AcoDM Modelica model, and they are converted to the values in Table S7
(each column is θθθ iiinnn,i for i ∈ {1, ..,m} with m = 3), i.e. in terms of state variables, to finally compute, by means of weighted
average over the different co-feedstock’s input flow rates, the xin. In this work it was assumed that null soluble inerts (SI) are
present in all feedstock: although this does not reflect reality, especially for cow slurry, such assumption is justified as the
difference between particulate inerts (XI) and SI does not affect the results reported in the main manuscript. For simplicity,
for the feedstocks of interest, soluble amino-acids and long-chain fatty acids were considered to be null, whereas the total
particulate COD (net of organic acids and soluble simple sugars) was fractionated into readily Xch,r (starch), mildly Xch,m
(hemicellulose) and slowly Xch,s (cellulose) biodegradable carbohydrates, readily Xpr,r and slowly Xpr,s biodegradable proteins
(hypothesized to be both 50% ( fpr) of the total crude protein concentration) and lipids (Xli). Null active/dead microbial matter
and precipitated salt concentrations were hypothesized for all co-feedstocks (although this may be imprecise especially for
cow slurry). From the TAC, pH, VFAs and TAN data, the dissolved inorganic carbon SIC concentration is computed;
afterward, cations (Scat ) concentration is derived to close the charge neutrality equation (a fixed anions San concentration
is hypothesized). The correspondence between the agri-AcoDM and AM2HN models’ state variables, with the appropriate
unit conversions, is reported in the Digital Supplementary Material of Carecci et al. [17].

The values in Table S8 were thus derived.



TABLE S7: Feedstocks’ composition in terms of the agri-AcoDM model’s state variables (i.e. θθθ iiinnn matrix).

Maize silage Cow slurry Tomato sauce

Saa (gCOD L−1) 0 0 0
Sac (gCOD L−1) 8.870 1.970 1.257
San (mmol L−1) 0 2.000e−2 5.000e−2

Sbu (gCOD L−1) 0 3.341e−1 0
Sca (mmol L−1) 1.000e−2 3.500e−3 3.250e−3

Scat (mmol L−1) 0 8.141e−2 7.180e−5

SCH4 (gCOD L−1) 0 0 0
S f a (gCOD L−1) 0 0 0
SH2 (gCOD L−1) 0 0 0
SI (gCOD L−1) 0 0 0
SIC (mmol L−1) 0 1.057e−1 0
SIN (mmol L−1) 0 6.571e−2 4.842e−2

SIP (mmol L−1) 0 2.857e−3 8.394e−3

SK (mmol L−1) 0 0 0
Smg (mmol L−1) 1.970e−2 7.000e−3 6.584e−3

Spro (gCOD L−1) 2.538 1.210 0
Ssu (gCOD L−1) 25.66 0 53.14
Sva (gCOD L−1) 0 2.996e−1 1.510e−1

Xaa (gCOD L−1) 0 0 0
Xac (gCOD L−1) 0 0 0
Xacp (mmol L−1) 0 0 0
XC (gCOD L−1) 0 0 0
Xc4 (gCOD L−1) 0 0 0
Xccm (mmol L−1) 0 0 0
Xch,r (gCOD L−1) 164.7 4.898 0
Xch,m (gCOD L−1) 62.47 1.410 2.747
Xch,s (gCOD L−1) 25.64 2.311 0
X f a (gCOD L−1) 0 0 0
XH2 (gCOD L−1) 0 0 0
XI (gCOD L−1) 57.26 12.85 26.42
Xli (gCOD L−1) 39.47 4.593 7.810
Xlig (gCOD L−1) 20.58 6.211 0
Xmag (mmol L−1) 0 0 0
Xp (gCOD L−1) 0 0 0
Xpr,r (gCOD L−1) 14.03 9.897e−1 6.756
Xpr,s (gCOD L−1) 14.03 9.897e−1 6.756
Xpro (gCOD L−1) 0 0 0
Xstru (mmol L−1) 0 0 0
Xsu (gCOD L−1) 0 0 0
ash (g L−1) 24.09 11.47 13.80

TABLE S8: Feedstocks’ composition in terms of the AM2HNtan model’s state variables (i.e. θθθ iiinnn matrix).

Maize silage Cow slurry Tomato sauce

X (1)
h (gV S L−1) 245.63 - -

X (2)
h (gV S L−1) - 10.18 -

X (3)
h (gV S L−1) - - 13.91

X1 (gV S L−1) 0 0 0
X2 (gV S L−1) 0 0 0
S1 (gCOD L−1) 25.66 0 53.14
S2 (mmol L−1) 161.26 45.11 20.36
Z (mmol L−1) 0 145.27 0
C (mmol L−1) 0 123.00 0
N (mmol L−1) 0 65.71 48.42

D. Analytical methods

The bench-scale reactors were mixed continuously with rotors set between 120–180 rpm.



BMP tests were conducted using an Automatic Methane Potential Test System (AMPTS II Light, Bioprocess Control
AB, Sweden) comprising six glass reactors, each with a total volume of 2.3 L and a working volume of 2 L. These were
incubated under constant mesophilic conditions (42 ± 1°C) and mixed intermittently, following a duty cycle of 5 min on
and 15 min off, to maintain homogeneous sludge–substrate suspensions. The inoculum to substrate ratio was set to 2.5
(based on volatile solids). Blank bottles containing inoculum only were also included. Prior to use, the headspace of each
reactor was flushed with N2 gas. During operation, CO2 was absorbed in an alkali trap (3 M sodium hydroxide solution
with a 0.4% thymolphthalein indicator) to ensure accurate CH4 measurement. The AMPTS II Light system automatically
recorded cumulative gas volumes and corrected for temperature and pressure, enabling the direct calculation of the specific
biomethane yield. Incubation continued until biogas production from all reactors reached a plateau (termination criterion:
net daily production over the last three days < 1%).

The routine analysis of pH, TS, VS, COD and alkalinity was performed in accordance with Standard Methods [7]. pH
was monitored using a benchtop pH meter (HI5521, Hanna Instruments Inc., USA) in accordance with Method 4500-
H+. TS and VS were determined according to Method 2540 using a drying oven (UF75, Memmert, Germany), a muffle
furnace (FB1410M-33, Thermolyne, Thermo Scientific, USA) and an analytical balance (ENTRIS II BCE224i-1S, Sartorius,
Germany). Total and soluble COD were measured using Method 5220.D, employing a digestion reactor (HI839800 COD
Test Tube Heater, Hanna Instruments, USA) and a spectrophotometer (DR3900, Hach, USA). Samples for soluble COD
quantification were previously centrifuged (DM0412, DLAB Scientific, China) and filtered through a 0.45 µm filter. TAC
was measured by titration according to Method 2320. Additionally, partial alkalinity (PA) and IA were determined according
to Ripley et al. [59]. PA was obtained via direct titration to a pH endpoint of 5.75, and IA was obtained from a pH of 5.75
to 4.3. TAN was determined using the HANNA Instruments Nessler method (an adapted version of the ASTM D1426 and
Standard Methods 4500-NH3 methods) [31], and absorbance was measured using a Hach DR3900 spectrophotometer.

VFAs (acetic, propionic, butyric, and valeric acids) were quantified using a custom analytical protocol based on gas
chromatography with flame ionization detection (GC-FID), using a gas chromatograph (HP 5890 Series II, Hewlett-Packard,
USA) equipped with a HP-1 capillary column (30 m × 0.53 mm × 0.2 µm). Hereafter the details about the procedure
followed to quantify VFAs during the experimental campaign of interest for the current work:

Sample preparation: samples were first homogenized, and approximately 10 mL was transferred to a 15 mL centrifuge
tube and centrifuged at 4000 rpm for 15 min. Aliquots of the clarified supernatant (1–2 mL) were distributed into eight 7
mL vials according to the standard-addition scheme. Each vial contained either 2 mL of sample and 1 mL of ultrapure water
(vials 1–4) or 1 mL of sample and 2 mL of ultrapure water (vials 5–8). To all vials, 50 µL of an internal-standard stock
solution (1-butanol, 50 µL · 5 mL−1 H2O) was added. Known volumes of a VFA mixed stock solution (acetic, propionic,
butyric, and valeric acids, 50 µL · 5 mL−1 H2O) were then added as follows: 20 µL to vial 7, 30 µL to vial 3, and 60
µL to vials 4 and 8. All vials were capped, mixed thoroughly, and acidified with 100 µL of phosphoric acid. The mixtures
were centrifuged at 1000 rpm for 10 min, and 1 µL of the clear supernatant was injected into the GC-FID. A separate 1
µL injection of the internal standard solution was also analyzed.

Chromatographic conditions: N2 was used as the carrier gas at 5 psi, with a purge flow of 1 mL min−1 and a split flow of
50 mL min−1. Injector and detector temperatures were set to 250°C and 290°C, respectively. For acetic acid determination,
the oven temperature program was: 40°C (2 min), ramp at 5°C min−1 to 55°C (hold 0 min), then 40°C min−1 to 290°C.
The injection mode was splitless (1 µL, 0.1 min). For propionic, butyric, and valeric acids, the program was: 40°C (2 min),
ramp at 5°C min−1 to 60°C (0 min), then 10°C min−1 to 110°C (0 min), and finally 40°C min−1 to 290°C. The injection
mode was splitless (1 µL, 0.3 min).

Quantification and data treatment: peak areas of each acid were corrected relative to the internal standard area in both
the samples and the internal standard solution to account for injection variability and volumetric dilution. Quantification
was based on standard-addition calibration curves constructed for each acid: acetic acid from vials 1–3–4 and 2–3–4, and
propionic, butyric, and valeric acids from vials 5–7–8 and 6–7–8. Concentrations were expressed as mg L−1 of each acid
in the original sample.

E. EKF formulation

The discretized version of Eq. (3), for each discrete time instant t of integration, is described by Eq. (30).{
xt = xt−1 +∆t · f(xt−1,ut−1,θ) = f∆(xt−1,ut−1,θ)

yt = h∆(xt ,ut ,θ)
(30)

Eq. (31) expresses the discrete system in its linearized form at t, where the At and Ct matrices are the time-varying
Jacobians of f∆ and h∆ with respect to states, and Bt is the time-varying Jacobian of f∆ with respect to the inputs.



{
xt+1 = Atxt +Btut

yt = Ctxt
(31)

At =
∂ f∆(xt ,ut)

∂xt

∣∣∣∣
xt ,ut

, Bt =
∂ f∆(xt ,ut)

∂ut

∣∣∣∣
xt ,ut

, Ct =
∂h∆(xt ,ut)

∂xt

∣∣∣∣
xt

(32)

The discrete-time EKF is formalized based on the time discretization of Eq. (3) The model was discretized using a
forward-Euler scheme with integration step ∆t , and the EKF relies on linearization of the state-transition and observation
equations (Jacobian matrices computed via finite differences).

Kalman filtering is based on the hypothesis of perfect knowledge of the real system, except for (known) Gaussian process
and measurement noises: the real system is hypothesized to be described by Eq. (33), i.e. exactly equal to the open-loop
model of Eq. (31) with the addition of the above-mentioned noises.{

x̃t = At−1x̃t−1 +Bt−1ut−1 +wt−1

ỹt = Ct x̃t +vt
(33)

The process (wt ) and measurement noises (vt ) are white, zero-mean, uncorrelated, and have known covariance matrices
Q and R, respectively, that are the tuning parameters of the filter.

wt ∼N (0,Q) (34)
vt ∼N (0,R) (35)

At−1 =
∂ f∆(xt−1,ut−1)

∂xt−1

∣∣∣∣
xt−1=x+t−1

(36)

Ct =
∂h∆(xt ,ut)

∂xt

∣∣∣∣
xt=x−t

(37)

Since At−1, Bt−1 and Ct matrices are not constant but time-varying and obtained from the linearization of a set of nonlinear
functions (f∆ and h∆), the Extended version of the Kalman Filter was considered.

The EKF algorithm computes, for each discrete time instant t of integration (t = 1,2, . . . ), a prior estimation of the
unmeasurable states (x−t ) with Eq. (31), and corrects it with the bias between output’s model predictions and real data
(innovation, that enters the expression of the so-called Kalman gain Kt ), to postulate a posterior (x+t ) states’ estimate,
characterized by the Pt error covariance matrix of the estimate.

The filtering algorithm consists in a first prediction step (Eq.s (38) to (40)), and a consequent correction or update step
(Eq.s (40) to (42)).

x̂−t = At−1x̂+t−1 +Bt−1ut−1 (38)

P−t = At−1 ·P+
t−1 ·A

T
t−1 +Q (39)

Kt = P−t ·CT
t · (Ct ·P−t ·CT

t +R)−1 (40)
x+t = x−t +Kt · (ỹt −Ctx−t ) (41)
P+

t = (I−KtCt) ·P−t (42)

The output values ŷt are computed evaluating the output-transformation function h∆ of Eq. (30) in x+t (and ut ).

F. The selector-PI controller

The selector-PI scheme consists of equipping the qM (expressed in L h−1) PI controller with an override from the
xC,gb/xM,gb PI controller, to guarantee less inhibition-prone transients. The switch between the two PIs in the override
structure is based on a hysteretic comparator that confronts the measured biogas ratio with a user-defined upper bound, and
makes the output of the xC,gb/xM,gb controller override that from the qM one when the said bound is exceeded; the hysteresis
serves to avoid unduly fast switching (see Figure S2).
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Fig. S2: Block diagram (contextualized to the case-study described in the main manuscript, Section 3.2) of the selector-PI
control scheme used to control the ‘Selector-PI’ reactor. uPI1 and uPI2 are the control actions suggested by the methane flow
(subscript 1) and biogas ratio (subscript 2) PIs respectively.

The control law of each PI is computed as detailed in Algorithm 1. In this framework, the input u corresponds to the
control action generated by the active PI controller, while the Boolean variable T S is the output of the hysteretic comparator.

Input: kP, TI , Tc, ulb, uub, u, yre f , T S
Data: Integrator state uI,0
for each control step k do

e← yre f − ỹ;
uP← kP · e;
if T S then

uPI ← uT R;
else

uI ← uI,0 +
kP·Tc

TI
· e;

uPI ← uP +uI ;
end
uPI ←max(ulb, min(uub, uPI));
uI,0← uPI−uP;

end
Algorithm 1: Discrete PI Controller with override and saturation.

Further details are reported in Carecci et al. [15]. The controller design parameters used in the experimental campaign
subject of the main manuscript are reported in Table S9.

G. NMPC closed-loop

The NMPC control law is computed as the argmin of optimization problem defined by Eq.s (51)–(59) (ancillary problem).
The nominal problem is instead described by Eq.s (43)–(50), where J is defined by Eq. (60).



min
ννν∈V

J (43)

s.t. ż = f(z,ννν), z ∈ Z, ννν ∈ V (44)
y = h(z,ννν) (45)
ννν t = ννν t0+Hc−1 , t ∈ [t0+Hc , t0+Hp−1] (46)

ννν lb ≤ ννν t ≤ νννub, t ∈ [t0, t0+Hp−1] (47)

∆ννν lb ≤ ∆ννν t ≤ ∆νννub, t ∈ [t0, t0+Hc−2] (48)
∆ννν ∈ DV (49)
zlb ≤ zt ≤ zub, t ∈ [t0, t0+Hp−1] (50)

min
u∈U, z∗t0∈Z

[
wyHp

Φt0+Hp
+

+
t0+Hp−1

∑
t=t0

(wx ∥xt − z∗t ∥2 +wu ∥ut −ννν
∗
t ∥2)

]
(51)

s.t. ż∗ = f(z∗,ννν∗), z∗ ∈ Z, ννν
∗ ∈ V (52)

ẋ = f(x,u), x ∈ X, u ∈ U (53)
y = h(x,u) (54)
ut = ut0+Hc−1 , t ∈ [t0+Hc , t0+Hp−1] (55)

ulb ≤ ut ≤ uub, t ∈ [t0, t0+Hp−1] (56)

∆ulb ≤ ∆ut ≤ ∆uub, t ∈ [t0, t0+Hc−2] (57)
∆u ∈ DU (58)
xlb ≤ xt ≤ xub, t ∈ [t0, t0+Hp−1] (59)

J =
t0+Hp−1

∑
t=t0

Φt , where Φt =

∥∥∥∥yt −yref,t ⊙
1
ȳ

∥∥∥∥
2,Wy

(60)

Eq. (53) enforces the constraint of the model dynamics to start from the currently measured/estimated states of the real
plant (x̃t of Eq. (33) with t = t0 of the optimization problem, i.e., the time index of the current kth control step). The quantities
introduced above are defined in the Glossary of the main manuscript. Further details can be found in Carecci et al. [16].

It should be noted that, from a theoretical standpoint (as originally described by Mayne et al. [49]), the bounded additive
disturbances considered in the tube-based formulation—denoted as w in Carecci et al. [16]—do not correspond to the
Gaussian process noise assumed in the EKF formulation (Eq. (33)). Rather, the tube-based NMPC framework requires
disturbances to be bounded, i.e., w ∈W, where W is a compact set containing the origin. In practice, parametric θθθ kkkiiinnn
uncertainty was therefore interpreted as a bounded additive disturbance for control design, while Gaussian distributions were
used to generate MC realizations for robustness assessment. The disturbance set W was selected to enclose high-probability
realizations of the Gaussian uncertainty.

Note that, although the dimensionality of the EKF output vector is 3 (qTOT , xM,gb and xC,gb), the one of the output-related
quantities present in the cost function of the NMPC optimization problem as defined in Carecci et al. [16] and yref is 2 (qM,gb
and xC,gb/xM,gb). This apparent mismatch is intentional: in the EKF formulation, methane and carbon dioxide mole fractions
were treated as separate outputs rather than as their ratio, in order to limit measurement-noise amplification. Indeed, the
ratio of two noisy composition measurements exhibits a higher propagated uncertainty than the individual fractions, which
are directly measured by the gas analyzer. The composition ratio was therefore computed only at the NMPC problem, where
it enters the control objective. As a result, for yref (and, consistently, Wy) it holds ‘(1)’ index for qM,gb,re f , the ‘(2)’ for
(xC,gb/xM,gb)re f .

Compared to the simulation studies previously conducted in Carecci et al. [16] and in Section 4.4 of the main manuscript,
few settings of the real experiment during closed-loop operation differed and are recalled hereafter. First of all, the
characterization of the feedstocks was updated coherently with the new measurements available, and, most importantly,
the feeding frequency of dref was daily instead of 3 times per week; Moreover, in light of the transient inhibition observed



before closed-loop operation (15-27/04/2025), occurring shortly after the full initial load was reached (7/04/2025, following
inoculum adaptation), the controller was re-tuned in a slightly more conservative, robustness-oriented manner prior to the
experimental campaign, with:
• a slightly tighter upper-bound for the TVFA in the nominal problem (S2,ub = 15 instead of 20 mmol L−1);
• a slightly lower weight on the (xC,gb/xM,gb)re f tracking in the cost functions (tuning hyper-parameter W (2)

y = 0.8 instead
of 1);

• a slightly lower weight to the tracking of the states’ trajectories (z∗) computed by the nominal problem into the cost
function of the ancillary one (tuning hyper-parameter wx = 0.8 instead of 1).

Finally, since during the initial equilibrium period the average ˜xC,gb/xM,gb was slightly lower than the reference value
suggested by the offline optimization, the time-varying (xC,gb/xM,gb)re f was converted into a constant value (0.85), instead
of a trajectory starting in 0.88, peaking at 0.92 on the transient period and terminating at 0.90 during the final equilibrium.
This choice was meant to limit any NMPC action potentially resulting in higher xC,gb/xM,gb values. The final controller
design parameters used in the experimental campaign are reported in Table S9.

TABLE S9: Controllers’ design parameters values (hyper-parameters). dulb and duub are named like that since the PI
controllers actually compute the u deviation/correction with respect to the linearization point, i.e. the initial equilibrium (in
practice, the feedforward u0 is added to the output of the PI controller blocks to compute the actual control action).

Online tube-based NMPC

Tc (h) min(∆T,6)
∆ulb (gFM d−1) -50
∆uub (gFM d−1) 50
ulb (gFM d−1) 0
uub (gFM d−1) 250
Hp (control steps) 10
Hc (control steps) 2
wx (-) 0.8
wu (-) 0.1
wyHp

(-) 1

W (1)
y (-) 1

W (2)
y (-) 0.8

wεεε lb (-) 1’000
wεεεub (-) 1’000

Selector-PI

Tc (h) 3
dulb (gFM d−1) -99.00
duub (gFM d−1) 150.00
kP,1 (-) 6.80e−4

kP,2 (-) 4.57e−3

TI,1 (-) 1.45e5

TI,2 (-) 9.23e4

(xC,gb/xM,gb)ub,low (-) (xC,gb/xM,gb)re f + 0.05
(xC,gb/xM,gb)ub,high (-) (xC,gb/xM,gb)re f + 0.1

H. Practical control implementation

The agri-AcoDM was developed in OpenModelica using the Modelica language, i.e. an open-source, high-level, declarative
and object-oriented modeling language [51]. The resulting library can be download from this GitHub repository. The offline
optimization problem was solved using the Differential Evolution (DE) algorithm embedded in the SciPy Python library,
with the agri-AcoDM integrator executed through the OpenModelica Compiler (OMC) invoked as a Python subprocess.
The AM2HNobs model and the related EKF and NMPC modules were implemented using both the SciPy and CasADi
libraries. The online optimization problems, formalized with the multiple-shooting approach, were solved with the Interior
Point OPTimizer (IPOPT) solver (average computation time of 1-2 min).

The closed-loop architecture was set up around the above-mentioned reactors and sensors with the aid of (i) a local network
(router), (ii) an RJ45 cable connecting the AwiLAB hardware to a Raspberry Pi 4B to allow for the serial communication of
the online data via Modbus protocol, (iv) a GPIO-relay board able to withstand high voltage/high loads, and (v) peristaltic
pumps (Seko S.p.A., Rieti, Italy) as actuators (see Figure 4 in the main manuscript text). It is important to stress that the
full-scale applicability of the proposed methods is embedded in the AM2HNobs model by the fact that no other online
measurement is considered except for biogas flow rate and composition. Indeed, the other quantities monitored offline were
not measured with enough frequency to be consistent with the control intervals (Tc = 6 and 3 h for the NMPC and selector-PI
controller respectively) and the open-loop model/EKF integration step (∆t = 5 min).

https://github.com/DaveCacci/B.agri-AcoDM


The biogas flow rate data were preprocessed by removing outliers (6σ -rule) and applying a moving average over 12 data
points (corresponding to a 1 h window). Since biogas composition analysis could be performed only after the accumulation
of 4.5 L, a new measurement became available approximately every 6 h, which was sufficient to treat xC,gb/xM,gb as an
online information. Between successive analyses, a sample-and-hold assumption was adopted to maintain consistency with
∆t. However, since infra-daily biogas production was not constant, these analyses were not synchronized with the control
steps: to address this, a 1-hour frequent cronjob (i.e. an automatically scheduled system task executed at predefined time
intervals) was executed to check for newly available biogas composition data and, if detected, immediately trigger a new
NMPC execution. This, in practice, resulted in an asynchronous NMPC with time-varying control interval given by Tc =
min(∆T ;6), where ∆T denotes the elapsed time since the last biogas composition measurement. Consistently, the multi-step
ahead predictions addressed in this work had multi = Tc/∆t,∈ [12,72], i.e. 1–6 h, depending on Tc and ∆T .

The manual feeding of dref was approximated as 5-minute pulse inputs, matching the integration time step (the pulse
magnitude was determined by multiplying the daily load by 86’400/300 seconds). During real-time operations, the dref
schedule was updated daily with the actual mass fed. Feeding times were provided via a CSV file (with a ± 10 minutes
accuracy) and processed by the Python control routines. Given that the above-mentioned cronjob was executed hourly at
the beginning of each hour, feeding events were intentionally scheduled sufficiently far from the hour mark to avoid timing
conflicts with updated code execution. A similar approach was considered for feedstocks’ characterization updates (TS and
VS only, as described in Section II-C).

The major hyper-parameters values of both controllers are reported in Table S9. Considering the relevant modeling
uncertainty and disturbances given by the impulse manual feeding, slack variables (εεε lb,εεεub) were added to the nominal
NMPC problem (weighted by wεεε lb and wεεεub in the cost function) re-formulating (softening) the state bound constraints as
for Eq. (61).

zlb− εεε lb ≤ zt ≤ zub + εεεub, t ∈ [t0, t0+Hp−1] (61)

To guarantee the desired degree of safety, the main tightening of the states’ feasible sets in the nominal problem of the
NMPC was enforced on the upper bound of TVFA (15 mmol L−1) and the lower bounds of the methanogens’ concentration
(1 g L−1) and the biogas’ methane content (0.5). All states’ bounds (X and Z) are reported in Table S5. The input feasible
sets U (and DU) were set from the actual peristaltic pump saturation (values reported in Table S9). No tightening for the
sets of the nominal NMPC problem (V and DV) was applied. At each control step, the scalar control action u was mapped
to a pulse-width modulated (PWM) signal, where the duty cycle determined the ON/OFF switching times of the relay.

In the real closed-loop, the overall execution time required to run the tube-based NMPC Python file (data preprocessing,
EKF, IPOPT optimizations of the nominal and ancillary NMPC problems, plotting) at each control step was ≈ 10 minutes
(6-36 times lower than Tc, depending on ∆T ). The number of iterations required by the IPOPT solver was normally between
10 and 20.

III. RESULTS

A. Models’ performances

The practical identifiability analysis of the AM2HNobs θθθ PPP, conducted on data collected during the first weeks of the
experiment (i.e., prior to closed-loop operation), indicated that only the parameters k5 and k6 could be reliably updated,
whereas µmax,2 and KS,2 would be associated with high uncertainty. Since the open-loop model performance over the same
period was deemed satisfactory, no parameter re-estimation was performed. This choice allowed the entire dataset from the
current experiment to be preserved for model validation purposes.
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Fig. S3: The models’ performances over the real online data: agri-AcoDM (black) against AM2HNobs (grey). Vertical dashed
gray lines report the start of the closed-loop, start-end of the ramping period, and the start of the final period with dref
feeding every 2 days. An acetate pulse was applied on 05/05/2025 to validate the estimated Haldane parameters and increase
data informativeness for potential re-estimation (not performed).
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Fig. S4: From (a) to (g): open-loop AM2HNobs (grey) and agri-AcoDM (black) predictions’ matching over the simulation
of the real experiment (where present, real data are shown in red). From (h) to (l): open-loop agri-AcoDM model (black)
performances over the offline data of the real experiment (red).

B. EKF tuning

TABLE S10: Averages and standard deviations over the 400 MC runs of the EKF estimation’s MARE%, r2 and MAE, with
respect to the true state, for all states (robustness analysis of the EKF design to x̂0 and θθθ kkkiiinnn uncertainties; step response
(Figure 5 in the main manuscript)).

¯MARE% r̄2 ¯MAE

X (1)
h (gV S L−1) 3.58 ± 2.91 0.71 ± 0.29 0.07 ± 0.06

X (2)
h (gV S L−1) 6.45 ± 5.27 0.81 ± 0.27 0.10 ± 0.08

X (3)
h (gV S L−1) 3.28 ± 2.18 0.87 ± 0.19 0.01 ± 0.01

X1 (gV S L−1) 10.15 ± 8.30 0.81 ± 0.27 0.16 ± 0.13
X2 (gV S L−1) 9.22 ± 6.29 0.78 ± 0.22 0.12 ± 0.08
S1 (gCOD L−1) 14.52 ± 10.97 0.19 ± 0.20 0.01 ± 0.01
S2 (mmol L−1) 5.57 ± 4.28 0.70 ± 0.24 0.77 ± 0.59
ξ (mmol L−1) 78.01* ± 62.05 0.76 ± 0.24 0.75 ± 0.59
xM,gb (-) 0.77 ± 0.01 - 0.00 ± 0.00

*very high because the true state values are near 0.

C. Comparison between the two controllers: ‘NMPC‘ vs ‘Selector-PI‘

The comparison between the two controllers’ control actions and tracking is shown in Figure S5 and Figure S6 respectively,
and quantified in Table S11. In this respect, given the intrinsic complexity of the bioprocess and the practical challenges of
bench-scale experimentation (e.g., manual feeding of TS-rich co-feedstocks, measurement noise, and non-ideal actuation),
drawing high-confidence conclusions is nontrivial, especially considering the relatively small differences observed between the
outputs of the two reactors. Qualitatively, it can be stated that the NMPC managed to reproduce almost the same biomethane
flow rate tracking of the selector-PI, with smoother control actions and while maintaining slightly more stable/safer system’s
responses, especially in terms of both lower ˜xC,gb/xM,gb and TVFA oscillations, maximum values and frequency of occurrence
of higher values [16], as can be deduced from Figure S7.



TABLE S11: Quantification/metrics of the controllers’ performances in closed-loop operation.

Time window* Biomethane flow rate Biogas composition ratio Control action**

(dd/mm - dd/mm) ¯̃qM,gb (mmol d−1 L−1) MARE%
¯̃xC,gb/xM,gb (-) MARE% ū (gFM L−1)

‘NMPC’
20/05 - 29/05 31.10 28.55 0.866 5.12 86.13 (92.15)
21/06 - 30/06 36.25 26.78 0.889 5.45 138.0 (113.8)
20/05 - 30/06 34.38 29.84 0.869 5.47 104.8 (96.92)

‘Selector-PI’
20/05 - 29/05 30.50 20.75 0.863 6.03 82.34 (90.26)
21/06 - 30/06 37.28 25.16 0.882 6.99 92.93 (96.18)
20/05 - 30/06 34.62 24.33 0.874 7.11 87.25 (89.56)

*20/05–29/05: initial equilibrium; 21/06–30/06: final equilibrium; 20/05–30/06: overall closed-loop period with daily feeding.
**the ū value within brackets is the amount actually fed by the peristaltic pumps (net of actuation’s imperfections).
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Fig. S5: Daily loads of the real experiment. In (a): dref loads of maize silage (red) and cow slurry (blue). Feeding instants are
also shown with clearer lines. In (b): tomato sauce dosages requested to the pumps of the ‘NMPC’ (red) and ‘Selector-PI’
(green) reactors (closed-loop control actions from 20/05/2025). Vertical dashed gray lines report the start of the closed-loop,
start-end of the ramping period, and the start of the final period with dref feeding every 2 days.
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Fig. S6: Tracking of yref (black dashed lines) by the ‘NMPC’ (red) and ‘Selector-PI’ (green) reactors over closed-loop
operations. Real data are shown as clearer lines, whereas the daily averages are shown as dashed thicker lines with markers.
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To support this assertion, Figure S8 zooms in Figure S6 to show the different strategies of the two controllers in dealing
with the dref impulse feeding (infra-day behaviors): as the latter is unknown to the selector-PI, as soon as the ˜xC,gb/xM,gb
stability proxy decreases below the threshold, tomato sauce is heavily dosed to “cover” the missing ˜qM,gb with respect to
qM,gb,re f (during the discharge phase of the dref response), until the next feeding pulse leads ˜qM,gb and ˜xC,gb/xM,gb to peak
again. During these peaks, contrary to the capability of the NMPC to predict in the near future, the selector-PI saturated to
null loads, as its only and best way to reject the dref effects. As a result, the selector-PI had a much stronger bang-bang
behavior with respect to the tube-based NMPC that, inversely, tended to reduce the control action just before the known
next pulse of dref to reduce the distance of the impulse response’s peak to yref.

However, apparently, the selector-PI presented a slightly better ˜qM,gb tracking and specific biomethane production at
the optimized final equilibrium (292.0 and 272.7 NmLCH4 /gV S for ‘Selector-PI’ and ‘NMPC’ respectively). Considering
the higher dynamism of the selector-PI u trajectory, this result may be justified by the presence of non-trivial microbial
responses: in some works, less frequent feeding or pulse feeding is stated to create temporal niches (e.g. variable acetate/TVFA
concentrations) that may allow competing microbial species to coexist, thus increasing biodiversity, redundancy and the
functional resilience of the microbial community, sometimes giving higher biomethane yields and tolerance to perturbations
(shock load, inhibitors) [13]. However, such consideration may hold true only if the system has sufficient buffering capacity,
and it is operated far from potential crashing conditions (such as inhibition or microbial biomass wash out).

As a consequence of the robustness-oriented tuning of the online tube-based NMPC, and given that no inhibition occurred
during the diet transient, the present experiment suggests that the selector-PI operated under less restrictive conditions (less
safe operations in terms of TVFA and CO2/CH4 stability proxies), achieved slightly better biomethane flow rate tracking and
feedstock utilization. However, since the NMPC explicitly enforced a TVFA upper bound, thereby incorporating stronger
stability guarantees, the comparison between the two biomethane production trackings is inherently asymmetric. The resulting
conclusions should therefore be interpreted as qualitative rather than definitive.

Independently of the comparison between the two controllers—which was a secondary objective of the present study—the
developed model-based predictive framework offers clear advantages for process monitoring (when coupled with the esti-
mation of unmeasurable states) and subsequent scenario analysis. From a full-scale application perspective, the controller
would not be required to handle such large and discrete d feeding events. Industrial facilities are typically equipped with
screw-press or dosing systems that substantially increase the feeding frequency of TS-rich substrates and allow automated
operation, thereby approximating quasi-continuous feeding conditions. Indeed, an additional advantage of the NMPC lies in
its straightforward extension to a MIMO configuration, in contrast to the selector-PI strategy, whose scalability is inherently
limited.
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D. Practical observability analysis
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[47] Manfred Lübken, Marc Wichern, Markus Schlattmann, Andreas Gronauer, and Harald Horn. Modelling the energy balance of an anaerobic digester
fed with cattle manure and renewable energy crops. Water Research, 41(18):4085–4096, 2007.
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