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ARTICLE INFO ABSTRACT

Keywords: The Anaerobic Digestion Model No.1 (ADM1) application for continuous anaerobic digestion is often constrained
Anaerobic digestion by challenges in reliably calibrating model parameters, especially when long-term data are unavailable. This
ADM1

study presents a Bayesian inference-based framework that enables ADM1 calibration using only initial-stage
digester performance data. A custom Python implementation was developed, integrating modules for global
sensitivity analysis, Bayesian calibration and parameter identifiability evaluation. Key microbial and ionic pa-
rameters were refined through Random Balance Designs—Fourier Amplitude Sensitivity Test (RBD-FAST), iden-
tifying sugar/acetate degraders and cation/anion levels in the inoculum as critical drivers of steady-state
performance.

With informative priors derived from similar ADM1 studies, the model was calibrated with less than two
hydraulic retention times of data and validated against steady-state performance data. It predicted pH and total
chemical oxygen demand (tCOD) with mean percentage errors of 1.10 % and 5.38 % respectively. Biogas pro-
duction trends were captured within the 95 % credible interval for 63.14 % of observations. Compared to
uniform priors, the Bayesian approach with informative priors improved predictive accuracy. Jensen-Shannon
divergence revealed that hydrolysis rates is the most identifiable for thermally hydrolysed sludge.

Unlike conventional ADM1 calibration approaches that require long-term steady-state data, this Bayesian
framework achieves reliable predictions using only early-stage observations. By enabling accurate simulation of
organic contaminant degradation and system stability from limited data, the framework supports risk-informed
design and operation of anaerobic digesters and offers a solution for data-scarce industrial settings to improve
safety, sustainability, and optimisation.

Steady-state performance
Global sensitivity analysis
Bayesian calibration

1. Introduction that provides solutions for both organic waste treatment and renewable

energy production, AD has received increased investment in the past

Anaerobic digestion (AD) is a process in which biogas is produced
through the microbial degradation of organic materials under anaerobic
conditions (Rocamora et al., 2020). AD resulting biogas typically con-
tains over 60 % methane (Shen et al., 2013), positioning this process as a
significant contributor to the goal of meeting 27 % of total energy de-
mand with renewable sources by 2030 (European Council, 2018). AD
feedstock can be a diverse range of organic waste materials, e.g.,
manure, crop residues, sewage sludge and food waste. As a technology
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decades. This is highlighted by the growth of the number of AD plants in
the EU from 6507 plants in 2009 to 18,843 in 2021 (European Biogas
Association, 2022).

AD process modelling offers a cost-effective and time-efficient
alternative to extended pilot trials, supporting operator decision-
making and process optimisation. By simulating diverse operational
scenarios, AD models enable evaluation of digester performance under
varying conditions, facilitating improved process control and
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troubleshooting strategies (Donoso-Bravo et al., 2011). The Anaerobic
Digestion Model No.1 (ADM1), developed by the AD modelling task
group of the International Water Association, is the industry standard for
simulating continuous AD processes.

ADM1 comprehensively captures the sequential biological and
physiochemical reactions involved in AD, ensuring mass balance of key
stoichiometric parameters including chemical oxygen demand (COD),
carbon (C), and nitrogen (N) (Batstone et al., 2002). Its versatility has
been demonstrated in full-scale applications, including the optimisation
of biogas production from diverse feedstocks, such as maize silage, pig
manure, cattle manure, and digestate (Biatobrzewski et al., 2024). More
recently, ADM1 has proven valuable for investigating AD systems
operating under atypical conditions, such as auto-generative or
high-pressure environments, where its modelling framework enables
deeper insights into kinetic behaviour (De Crescenzo et al., 2024).

At its core, ADM1 describes time-dependent concentration changes
of reactants and products (referred to as state variables) through a sys-
tem of ordinary differential equations (ODEs). Key operational param-
eters, such as organic loading rate (OLR) and hydraulic retention time
(HRT), are explicitly embedded within its framework, allowing simu-
lations to capture the dynamic interplay between process inputs and
outputs.

While ADM1 exemplifies a mechanistic modelling approach, alter-
native data-driven frameworks have also been explored for AD perfor-
mance prediction. These include long short-term memory networks
enhanced with synthetic minority oversampling techniques (Han et al.,
2023), three-layer feedforward backpropagation neural networks
(Antwi et al., 2017), genetic algorithm-optimised neural networks
(Qdais et al., 2010), and adaptive network-based fuzzy inference sys-
tems (Asadi et al., 2020). Such models are comparatively easier to
implement but rely heavily on large, high-quality training datasets.
Consequently, their predictive accuracy is often limited to the specific
operational conditions and feedstock characteristics represented in the
training data, reducing their generalisability across diverse AD systems.
This is particularly valuable for wastewater utilities commissioning new
digesters, where early-stage calibration reduces commissioning risks
and operational uncertainty.

As a process-based biochemical model, ADM1 incorporates more
than fifty kinetic and stoichiometric parameters (6k) (Rosen and
Jeppsson, 2006). Depending on the characteristics of the substrate used,
different set of 6xs may exert significant influence on simulation out-
comes, reflecting the digester performance. Therefore, it is essential to
first identify the most sensitive 6k, such as those with the greatest
impact on model outputs and subsequently calibrate their values with
experimental observations. Reliable prediction of digester performance
under various operational conditions is only possible once such AD
parameter calibration is achieved.

In addition to s parameter calibration, the initial values (6p) of
ADM1 state variables must be defined to initiate simulation. 6y values
represent the digester's initial environmental conditions and are pri-
marily influenced by the inoculum characteristics. A common approach
for determining 6y involves ‘spinning up’ the model under constant
substrate inflow until the state variables reach stabilisation, with the
resulting steady-state concentrations then used as initial conditions for
subsequent simulations aimed at process optimisation (Blumensaat and
Keller, 2005; Boubaker and Ridha, 2008; Catenacci et al., 2021; Ozgun,
2019). This method is based on the rationale that, under prolonged
steady-state operation, the influence of the inoculum diminishes, and
chemical concentrations stabilise. However, it requires observational
data from digester steady-state conditions for 6 calibration, restricting
ADM1's applicability to systems with long operational histories (Ruffino
et al., 2015; Razaviarani and Buchanan, 2015). In contrast, this study
aims to demonstrate that ADM1 can be reliably calibrated using minimal
data from the initial stage of digester operation. By integrating Bayesian
inference with targeted sensitivity analysis, the proposed framework
enables prediction of steady-state performance and system behaviour
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requiring long-term observational datasets, therefore expanding ADM1's
applicability to data-constrained industrial contexts.

An alternative approach to determining 6y involves chemical anal-
ysis of inoculum characteristics, as demonstrated in several studies
(Pastor-Poquet et al., 2019; Thamsiriroj and Murphy, 2011). However, a
practical limitation of this approach is the inability to accurately
quantify the initial values of certain state variables, particularly the
microbial group concentrations (e.g., sugar degraders, amino acid de-
graders), due to the lack of standardised measurement techniques. A
potential solution is to calibrate these hard-to-measure initial values (6p)
alongside the most sensitive model parameters (0ks), a practice
well-established in small-scale ODE models such as the Lotka—-Volterra
system (McElreath, 2018). While theoretically valid, this approach in-
creases the dimensionality of the calibration task and poses challenges
when observational data are limited.

To address this, the present study implemented a sequential down-
selection of the most influential kinetic parameters () and uncertain
initial conditions () for calibration. The process began with a pre-
screening using the Morris method, followed by a variance-based
global sensitivity analysis (GSA). Bayesian inference was then applied
to calibrate the reduced parameter set. By incorporating informative
prior distributions derived from an extensive literature review, the
Bayesian framework enabled robust estimation of uncertain inputs
under data-sparse conditions. Unlike conventional ADM1 calibration
techniques, such as heuristic manual tuning or least squares optimisa-
tion which yield only local point estimates (Catenacci et al., 2021),
Bayesian inference provides full posterior distributions that quantify
parameter uncertainty (Gelman et al., 2013). This uncertainty is prop-
agated through model predictions, supporting more risk-informed
decision-making. Using this approach, the steady-state performance of
a semi-continuous anaerobic digester treating sewage sludge was pre-
dicted using experimental data spanning less than two hydraulic
retention times (HRTSs).

2. Methodology
2.1. Experimental data

In this study, AD data were obtained from a laboratory-scale semi-
continuous anaerobic digester treating sewage sludge pre-treated via
thermal hydrolysis process (THP). The reactor had a working volume of
5.20 L and headspace 3.22 L, operating at 39.5 °C, a temperature
characteristic of advanced anaerobic digestion systems designed to
enhance microbial activity and process efficiency (Chew et al., 2021).
The inoculum used in the digester was the digestate collected from a
full-scale anaerobic digester processing THP sewage sludge at a do-
mestic wastewater treatment plant (WWTP) in Milton Keynes, UK. The
volatile solid (VS) content of the sludge feedstock over the course of the
experiment was 0.76 kg m ™ (+£11.82 %). The daily feed flow was 2.06
x 10~* m®/day (+11.5 %) to maintain a stable OLR of 3 kg VS m>/day.
The average HRT of this anaerobic digester was 25.24 day.

Experimental observations of daily biogas flow (m>/d) and pH, total
ammoniacal nitrogen (TAN), total COD (tCOD) of digestate from a
period of 323 days’ operation were considered for the ADM1 calibration
and validation. Biogas production was recorded automatically using
tipping-bucket gas counters, as described in Walker et al. (2009). Out-
liers, defined as data points beyond three standard deviations, were
removed. To smooth trends and address gas counter failures, a 10-day
moving average of biogas flow was calculated. Digestate pH and TAN
were monitored from day 1-50 and day 290-313, while the tCOD was
only monitored from day 290-313. The operation data during digester
acclimatisation stage (before day 50), were used for model calibration,
while the remaining data were reserved for validation of the modelled
results.
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Table 1
Inoculum characteristics.
Components Unit Values
Total solids (TS) kg/m> 52.40
Volatile solids (VS) kg/m3 32.90
Density kg/m? 1
tCOD kg/m* 55.47
sCOD kg/m® 3.99
Total soluble sugars g/100g dry matter <0.1 (0.05 adopted)
(DM)
Crude protein g/100g DM 30.90 (Dumas
Method)
Free long-chain fatty acids g/100g DM <0.5 (0.30 adopted)
(LCFA)
Total carbohydrate g/100g DM <1 (0.50 adopted)
Total fat g/100g DM 9.80
Valeric acid kg/m® 0.59
Butyric acid kg/m® 0.02
Propionic acid kg/m® 0.04
Acetic acid kg/m> 0.006
Total ammoniacal nitrogen kmole N/m® 0.19
(TAN)
Total carbon (TC) kmole C/m* 1.52
Total organic carbon (TOC) kmole C/m? 1.49
Lignin g/100g DM 7.16

2.2. Python-based ADM1 implementation

The ADM1 model comprises a set of differential equations (ODEs)
that describe the temporal evolution of key chemical and biological
species within the anaerobic digestion process. In this study, these
equations were implemented in a custom Python framework to simulate
36 state variables (Table 2) (Rosen and Jeppsson, 2006), with the re-
action and interaction terms structured via a Petersen matrix reported in
Appendix A of Supplementary Material (SM).

Specifically, Sy+ evolution in this study was also described by an
ODE (SM: Appendix A. Equation A-1), which is derived from the charge
balance of ionic constituents reported in Equation (1), following the
approach of Thamsiriroj and Murphy (2011). This approach improves
numerical stability and allows for the use of robust ODE solvers avail-
able in Python's scientific ecosystem (Sadrimajd et al., 2021).

S+ Snia — Stco; — e — ET T T g Sy =0

64 112 160 208
(Equation 1)

The parameters used in Equation (1), including ionic species
involved in the charge balance, correspond to those listed in Table 2. The
simulations were performed using the backward differentiation formula
(BDF) solver available in the SciPy package (Jones et al., 2001).

2.3. Inflow values (6 and initial values (6o) of AD model state variables

To determine the inflow values (6p) of the process state variables, the
transformer tool developed in Simulink (MathWorks, 2022) by Zaher
et al. (2009) was employed. This tool estimates AD equations inputs
values from basic feedstock characteristics, based on elemental mass
balances, theoretical COD, charge neutrality and carbon covalent
bonding principles.

0r define the composition of the substrate entering the digester and
serve as essential boundary conditions for simulating substrate degra-
dation, microbial activity, and biogas production within the ADM1
framework. The required feedstock characteristics and the resulting
ADM]1 input values generated by the Transformer tool are provided in
SM: Appendix B.

Notably, the lipid fraction (Xj;) in the substrate was estimated to be 0
kg COD/m?, consistent with the findings of Pilli et al. (2015), reporting
that lipids are typically not a dominant component in thermally
pre-treated sludge, whilst proteins and carbohydrates constitute its
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Table 2
Initial values of state variables (fp) and their derivation from inoculum
characteristics.

No. Name Description Unit Values Estimated from
1 S monosaccharides kg 0.028 Total soluble sugars
2 Saa® amino acid COD/ 0.464 Crude Protein
m® (Dumas)/6.25 x
(1-8.54 %) x 17.75
%
3 Sia° long-chain fatty 0.016 Free LCFA
acid
4 Sy total valerate kg 0.006 VFA analysis
5 Spu® total butyrate CoD/ 0.064
6 Spro® total propionate m® 0.037
7 Sac® total acetate 0.121
8 Si,° hydrogen in kg SA /
liquid phase COD/
9 Sen,° methane in liquid ~ m® SA /
phase
10 Sic® inorganic carbon kmole 0.036 Total Inorganic
C/m® Carbon (TIC)
11 Siw° inorganic kmole 0.190 TAN
nitrogen N/m®
12 §° soluble inert kg 3.213 SCOD - S5, - Saa® -
CcoD/ S1a° - Sypa® (No.
m? 4-7) - Si,° - Scu,©
13 x.° particulate SA /
composites
14 X carbohydrates 7.898 Total carbohydrate
— Total soluble
sugar
15 Xp,o proteins 2.044 Crude Protein
(Dumas)/6.25 x
(1-8.54 %) x 82.25
%
16 X° lipids 5.419 Total fat — Free
LCFA
17 Xu° sugar degraders kg SA Kpac® = Hinax
COD/ pCOD — Xsu)
m? X° - =01
18 Xoo° amino acid Xcho - [T
degraders X - (Xaa)
X*-X°  =0.08
19 Xfao LCFA degraders Mmax
(Xfa)
=0.06
20 Xu° valerate and Hinax
butyrate (Xeq)
degraders =0.06
21 Xpo® propionate Hinax
degraders (Xpm)
=0.04
22 Xo° acetate degraders Himax
(Xac)
=0.05
23 Xp,° hydrogen Mmax
degrader X, )
=0.06
24 x° particulate inert kg 3.971 Lignin
COD/ (SA)
m®
25 Sear:° cations kmole/ SA /
26 San-° anions m? SA /
27 S, ° base form kg 0.00599  pK, = 4.86 (Sillen
valerate COD/ and Martell, 1964)
28 Sp, 0 base form m® 0.06393  pK, = 4.86 (Sillen
butyrate and Martell, 1964)
29 Sm—0 base form 0.03696 pK, = 4.88 (Sillen
propionate and Martell, 1964)
30 Sec-° base form acetate 0.12089 pKa = 4.76 (Sillen

and Martell, 1964)

(continued on next page)



Y. Liu et al.

Table 2 (continued)

No. Name Description Unit Values Estimated from
31  Spco, °  bicarbonate kmole 0.0345 PK, = 6.35 (Lide,
¢/m? 2001)
32 SNHa0 ammonia in kmole 0.00647 pK, = 9.25 (for
liquid phase N/m® NH3) (Lide, 2001)
33 Sgas.HZO hydrogen in gas kg 1.588e- Manual fitting with
phase COD/ 5 reference to
34 Sgasci,®  methane in gas m? 1.30022  benchmark value
phase
35 Seas.CO, 0 carbon dioxide in ~ kmole 0.01591
gas phase ¢/m?
36 Sy’ hydrogen ion kmole 1.585e-  pH
H'/m®> 8

Note: The superscript ‘0’ indicates initial values for state variables. The values
for state variables No. 27-36 were reported to five decimal places to ensure work
reproducibility.

Table 3
Variability ranges of uncertain values of 6xs and 6y used in the sensitivity anal-
ysis. ‘U’ represents uniform distribution.

Name O [
Description Unit Range Name Unit Range
Kais Disintegration d? U(0.101, S, u(o,
rate 5.6) 4.2 x
107
kiyacn ~ Carbohydrate U(0.092, Sen,® u@o~8,
hydrolysis rate 10) 0.055)
Knydpr Protein U(0.03, x0 U
hydrolysis rate 10) (6.648,
26.648)
Knyai Lipid hydrolysis U(0.05, XSUO 8]
rate 10) (1.348
5.792)
Kmpro ~ Maximum u(e, 20) Xad° U
uptake rate of (1.079,
propionate 4.635)
degraders
Kmac Maximum U(4.57, X5° kg U
uptake rate of 12) COD/ (0.809,
acetate m® 3.475)
degraders
kmp,  Maximum U(20,35)  X.° U
uptake rate of Hy (0.809,
degraders 3.457)
X,re? U
(1.348,
5.792)
Kspro Half saturation kg U(0.1, Xo° U
coefficient of COD/ 0.2) (0.809,
propionate m® 3.475)
uptake
Ksac Half saturation U(0.1, XHZO U
coefficient of 0.25) (0.809,
acetate uptake 3.457)
Ksu, Half saturation U(7 x x,° U(3, 20)
coefficient of Hy 107°% 9 x
uptake 1075
Kinm, 50 % inhibitory U
concentration of (0.0011,
free NH; to 0.00234)
acetate uptake
Sear:®  kmole/  U(0.01,
m? 0.166)
San° U(0.02,
0.6)

primary biodegradable fractions.

As discussed earlier, most initial values 6y of ADM1 state variables
were derived from a detailed physiochemical characterisation of the
inoculum (Table 1). Table 2 presents all §y values considered in the
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model, along with the corresponding derivation methods, including
analytical estimation, literature-informed assumptions, or calibration
supported by sensitivity analysis, accordingly, indicated with SA, where
direct measurement was not feasible.

Soluble sugars and carbohydrates were converted to COD equiva-
lents using the default ADM1 molecular formulas CeH;206 and CeH10O0s5
(Batstone et al., 2002), respectively. The amino acid (Saa® and proteins
(Xpro) fractions were estimated from the total N content (both organic
and inorganic forms) determined via the Dumas' method (Nielsen,
2014). Specifically, 8.54 % of N was assumed to be inorganic based on
the empirical value for wastewater sludge (Song et al., 2019), whilst, the
remaining N was allocated as Sa® at 17.75 %, based on the average
values from three references (Pehlivanoglu and Sedlak, 2004; Song
etal., 2019; Westgate and Park, 2010), and as Xp,0 at 82.25 %. The initial
values of Sgas 1, , Seas,CH, » Seas,co, Were obtained by fitting reference values
from the benchmark model (Rosen and Jeppsson, 2006) to the initial
daily biogas production data. Total concentrations of valerate (S,e),
butyrate (Sbuo), propionate (SP,OO), and acetate (Se.”) were quantified
through volatile fatty acid (VFA) analysis (Su et al., 2021).

Several state variables could not be experimentally quantified or
readily converted to the units required by the model. These include the
hydrogen and methane in liquid phase, (SHZO, SCH4O), the particulate
composite (XCO), the concentrations of degraders Xpac® referring to X0,
Xaao, Xfao, Xc4°, Xpmo, X0, X, 0 particulate inert (X,O), and cations and
anions (Smﬁo, Sa,,fo). The influence of these uncertain inputs on
simulation outcomes was systematically assessed through sensitivity
analysis, each flagged as ‘SA’ in Table 2.

2.4. ADM1 model calibration and validation

2.4.1. Sensitivity analysis (SA)

Sensitivity analyses (SA) were conducted to evaluate the influence of
11 kinetic parameters within 6y; and 13 uncertain initial values of
6p (listed in Table 2) on selected three key model outputs, referred to as
quantities of interest (Qols), including: Qol;: steady-state biogas pro-
duction (m3/d), Qol: steady-state total ammoniacal nitrogen (TAN)
concentration in digestate (kmole N/mg), and Qols: steady-state H"
concentration (pH) in digestate (kmole Ht/m3).

The variation ranges of all 0 and a subset of 6y (including SHZO,
SCH40, Sear-® and Sg-%), were obtained from the literature and sum-
marised in Table 3. The sources of these data are provided in the SM:
Appendix C. For instance, the protein hydrolysis rate range (kxyqpr) Was
informed by Razaviarani and Buchanan (2015), while the half saturation
coefficient for acetate uptake (Ks 4.) was derived from values reported in
Rosen and Jeppsson (2006).

The variation ranges of the particulate composite (X.°) and anaer-
obic degraders (Xyq”) were derived as follow. As components of par-
ticulate COD (pCOD), X.% and Xpq° were set at a combined value of
32.13 kg COD/m3, calculated by subtracting sCOD (Table 1) and other
pCOD fractions (carbohydrates (Xcho), proteins (Xpro), lipids (Xlio) and
lignin ;%) (Table 2) from tCOD (Table 1). Assuming 30 % of the tCOD
enters the digester as particulate composite (Batstone et al., 2002; Rosen
and Jeppsson, 2006; Catenacci et al., 2021), the mean of X.° was set at
16.64 kg COD/m?>, with variation range of 16.64 + 10 kg COD/m®. The
remaining 15.49 kg COD/m® was allocated to Xpe ", with a variation
range of 15.49 + 10 kg CoD/m°. Xbaco, was further distributed among
microbial groups (e.g., sugar degraders, acetate degraders) according to
their maximum growth rates (y,,,,), following the approach suggested
by Souza et al. (2013a). This allocation was explored within plausible
ranges to reflect inoculum variability and to capture potential uncer-
tainty in biomass distribution.

Table 3 summarises the ranges of variability for sensitivity analysis
of the 24 uncertain inputs within s and 6.

Stage-wised global sensitivity analysis (GSA) was carried out to
identify the most influential 6y; and 6y for calibration. The Morris
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(a) Qol;: steady-state biogas production.
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Fig. 1. Mean 0‘1 ) of the distributions of the elementary effects for the 24 uncertain inputs 6x, and 6 evaluated for (a) Qol;, (b) Qol; and (3) Qols.

Elementary Effect (EE) method (Morris, 1991) was adopted to
pre-screen the uncertain inputs (6), offering a more stochastic alterna-
tive to traditional one-at-a-time local sensitivity analysis (LSA). For each
input 6;, 1000 combinations of the remaining parameters were sampled.
The elementary effect (EE;) for each combination was calculated using
Equation (2), and the mean of the absolute values of EE;, denoted as y;,

was adopted as a sensitivity metric (Campolongo et al., 2007; Morris,
1991).

EE, :y(017 N 0; + 57 ceny Hd)(s— y(017 caey 01‘, N gd) (Equation 2)
where 0 = (04, ..., 6, ..., 63) is a randomly selected point in the d-
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(a) Qol,: biogas production
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Fig. 2. RBD-FAST GSA outcomes: Main effect values of the 13 key uncertain
inputs scaled relative to the largest main effect among the inputs for (a) Qol;,
(b) Qol, (c) QoI (y-axis is in logarithmic scale).

dimensional hypercube parameter space Z;. § defines the perturbation
step size applied to each input parameter and € {ﬁ, 1- ﬁ}, where k

is the discretisation level of 6;.

Inputs with higher y; values were considered more influential.
Although the Morris method offers an efficient means of identifying key
parameters, its reliability is limited by its exploration of only a fraction
of the input space (Saltelli et al., 2019). To overcome this limitation and
quantify the individual contribution of each uncertain input to output
variance, referred to as its main effect, a variance-based GSA was per-
formed. Rather than using the commonly applied Sobol’ method, which
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requires larger sample sizes for accurate main effect estimation in highly
non-linear models (Jaxa-Rozen and Kwakkel, 2018; Tarantola et al.,
2006), this study adopted the hybrid random balance design-Fourier
amplitude sensitivity test (RBD-FAST) method. RBD-FAST estimates
main effects using only n samples, in contrast to n*(d +2) evaluations
required by Sobol’, by using spectral decomposition to isolate each in-
put's contribution without computing conditional variance, thereby of-
fering a more computationally efficient alternative (Tarantola et al.,
2006).

Convergence of main effects was assessed using the xy < 0.05 cri-
terion (Equation (3)) which measures the stability of sensitivity esti-
mates as sample size increases (Touzani and Busby, 2014). The sample
size was initially set to n = 165,000 and incrementally increased by 10,
000 until convergence was achieved.

t
% Z HVn - ansAnH

Ky = s=1
[[Val

(Equation 3)

where V, is the vector of estimated main effect score with n samples,
Vi_s#an is the scores estimated with decreasing number of samples with
An interval. || -|| is the #2 norm of the vector (Touzani and Busby, 2014).

2.4.2. Bayesian calibration and model validation

Bayesian inference was applied to calibrate the most influential un-
certain inputs identified through the GSA. Prior distributions were
informed by parameter ranges reported in ADM1 studies involving THP
sludge (SM: Appendix C), ensuring relevance to the substrate charac-
teristics used in this work. Unlike the uniform distributions adopted in
the SA section, Normal and Gamma distributions were applied to more
accurately represent the probability density of the uncertain inputs.

The data likelihood distributions used to assess the discrepancy be-
tween model predictions and observations, were standard normal dis-
tributions. This approach assumes that the noise in the experimental
observations follows a normal distribution. Different standard de-
viations (o7 = 0.0015; 62 = 0.2; 63 = 0.01) were assigned to account
for the varying noise levels in the daily biogas flow, pH and TAN ob-
servations respectively (Equation (4)).

~\2

LI ( =y )
V2ro? 202
where y is experimental observations; y is the model evaluation for a
specific set of uncertain inputs drawn from the prior distribution; ¢ is the
standard deviation reflecting noise levels.

The calibration was performed by using the No-U-Turn Sampler
(NUTS) in the PyMC3 package (Salvatier et al., 2016), and the posterior
distribution was approximated by drawing two Markov Chain Monte
Carlo (MCMC) chains of 5000 samples, with 20,000 burn-in samples.
Convergence of the MCMC chains was assessed via the Gelman-Rubin
statistic, with values close to one indicating successful convergence.
Marginal posteriors were approximated with smoothed histogram of
MCMC samples using kernel density estimation. The summary statistics
of posterior distributions included the mean, standard deviation (SD),
and high-density intervals (HDI) at 3 % and 97 %, representing the most
probable parameter range after incorporating observations.

The identifiability of uncertain inputs was assessed by quantifying
the disparity between the prior and posterior distributions. Two metrics
were used including Location Difference and Jensen-Shannon (JS)
divergence. The former measures the shift in the mean locations of the
prior and posterior distributions, indicating how much the central belief
about the parameter changed with new data. In comparison, the latter
quantifies differences between two distributions in terms of both loca-
tion and shape (e.g., variance and skewness), offering a robust and
symmetric measure of disparity across the full domain (Kingetsu and
Hamasuna, 2021).

To validate the model, a posterior predictive check was performed

P(y|6) = (Equation 4)
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Table 4
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Statistical summary of the marginal prior and posterior distributions of the seven most influential uncertain inputs identified in GSA.

Prior Distribution

Posterior Distribution

Location Difference JS Divergence

Type

Parameters

Mean

SD

HDI
3%

HDI
97 %

Oks kais Normal
Knyd.ch Gamma
Knyapr Gamma
o X0 Normal
X 0 Normal
Gamma
s 0 Gamma

pu=3550=1.37
a=2p=4
a=2p=4
pu=3570=148
u=1780=0.74
a=15p=4
a=15p=4

3.235
0.022
0.240
3.562
1.977
0.198
0.499

1.493
0.009
0.061
1.535
0.580
0.147
0.150

0.034
0.006
0.150
0.666
0.950
0.003
0.268

5.557
0.038
0.355
6.432
3.000
0.488
0.805

0.315
0.478
0.260
0.009
0.197
0.177
0.124

0.011
0.308
0.124
0.003
0.043
0.067
0.135

Gamma Distribution
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Fig. 3. Marginal prior distributions for kgis, kiyd.ch, knydpr> X, ac > Scat

0
su 2

0

and S, .

using 3000 sets of ks and 6y sampled from the posterior distributions.
These were used to simulate daily biogas flow, pH, TAN and COD. The
mean percentage error (MPE) between the posterior predictive means
and observed values was calculated (Equation (5)). For daily biogas
flow, which was affected by significant noise from the ultra-low flow gas
counter, predictive performance was evaluated by calculating the per-
centage of the 10-day moving average trendline that fell within the 95 %
credible interval of model predictions.

100% <~ (¥i — ¥:
MPE =
n Z( Yi )

i=1

(Equation 5)

where y; is the model prediction. y; is the experimental measurement. n
is the number of steady-state observations for pH, TAN or COD.

To assess the impact of domain-informed priors, Bayesian calibration
was repeated using uniform priors, consistent with those applied in the
SA (Table 3), and followed by a second posterior predictive check.

3. Results and discussion
3.1. Sensitivity analysis results

3.1.1. Morris EE pre-screening results

As an initial screening step, the Morris method was applied to
evaluate the influence of 24 uncertain kinetic parameters (6y;) and 6y on
the identified key quantities of interest Qol; (steady-state biogas pro-
duction), Qol; (steady-state TAN concentration) and Qols (steady-state
pH). Although the implicit backward Euler solver improved stability of
the simulation results, certain parameter sets still produced unstable
solutions due to the stiffness and non-linearity of the ADM1 ODE system
(Nimmegeers et al., 2017). Extreme outlier values were observed for
Qol; and Qoly, reaching 107131 and -10’233, respectively.

To focus the analysis on stable region of the parameter space,
parameter sets producing outputs outside the range of 107> to 10° for
QoI; and Qol; were excluded in the SA. The SA was repeated ten times.
Fig. 1(a), (b) and (c) show the averaged ,u; values across ten runs for
Qol;, QoI and Qols, respectively, where y; reflects the mean magnitude
of a parameter's absolute EE; values over 1000 parameter sets. The most
influential uncertain parameters obtained from the analysis, highlighted
with green bars, were subsequently examined through variance-based
GSA.

These Morris pre-screening results revealed significant differences in
parameter sensitivity. Key parameters, such as disintegration rate (kg;s)
and hydrolysis rates of carbohydrate and protein (kpyqcr, and knyqpr) Were
crucial for the steady-state biogas production. Initial concentrations of
certain degraders, such as X, °, X;, ° and X, °, may also be influential
to the specific Qol; selected in this study. Interestingly, initial cation and
anion concentrations (S, ° and S.?) significantly influenced both
steady-state biogas production and digestate pH, suggesting their
importance role in maintaining ion balance and affecting digestate
chemistry. In contrast, parameters like the 50 % inhibitory concentra-
tion of free NH3 (K; ng, ), initial concentrations of hydrogen and methane
in gas phase (SgasvHZO, Sgas,CH40) and particulate composites concentra-
tions (XCO) had minimal influence on all Qol;.

The removal of outliers and the stability provided by the backward
Euler solver enhanced the reliability of these findings. The potential
significance of certain initial values (6p) emphasised the importance of
calibrating 6, together with 6y, when using ADM1 to predict the steady-
state performance of a pilot-scale continuous digester with only start-up
phase observations. The Morris pre-screening reduced the number of
uncertain 6k and 6y for the subsequent variance-based GSA by half.
Specifically, the retained 13 parameters are: Kgs, knyach> Knydprs Knydis

Kinpros Ks pro and Ks g, for 6 and X, ©, X, %X, %x°S8.,°2 andS,,” for
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3.1.2. Hybrid RBD-FAST GSA results

Since the Morris method provides only a qualitative ranking of input
importance, variance-based GSA was applied to assess main effects
across the entire input domain. As described in section 2.4.1, the hybrid
RBD-FAST method was chosen for its computational efficiency over the
Sobol” method. Starting with n = 165,000, convergence (xy < 0.05) was
reached at n = 205,000 for all Qols, whereas the Sobol’ method had yet
to achieve convergence at 458,752 evaluations (due to space con-
straints, detailed results are not shown). This highlights the efficiency of
RBD-FAST for sensitivity analysis of complex process-based model like
ADM1.

Fig. 2(a), (b) and (c) present the scaled main effects of the 13 key
uncertain inputs for Qol;, Qolz and Qols, respectively, over five trails of
increasing sample sizes (n). Results from trials with smaller sample sizes,
where the convergence criterion were not met, were also included in the
plots for cross-validation and comparison. The main effect of each 6; was
scaled relatively to the largest main effect among the 13 key 6 and
6 for each Qol, with y-axis presented in a logarithmic scale. Each dot in
Fig. 2 represents the log-transformed scaled main effect values for 6;.
However, the main effects of the least important factors estimated by the
RBD-FAST method tended to be negative (Tarantola et al., 2006) and
could not be log-transformed. Thus, their main effects were not shown as
dots in the plots. The ¢; with positive SA scores in all five trials were
connected by a line, allowing for a reliable and discernible comparison
of the relative influences of 13 values within 6 and 6.

Notably, the initial concentrations of cation (S,,,°) and anion (S, )
emerged as the most influential inputs across all three Qols. According to
the RBD-FAST method's results, for Qol; (steady-state biogas produc-
tion), the carbohydrate hydrolysis rate (kpyqcn) was the next most sig-
nificant input, with acetate degraders (X,.") and the disintegration rate
(kgis) also demonstrated clear impacts. For Qol; (steady-state TAN con-
centration), the protein hydrolysis rate (kpyqpr) was dominant after
cation and anion concentrations. For QoI (steady-state pH), sugar de-
graders (Xsuo) exhibited moderate influence, along with impacts from
cation and anion. In contrast, the lipid hydrolysis rate kjyq; had no
significant influence on any Qol, which aligns with the extremely low
lipid content in the THP-treated sludge.

The spacing between lines in the plots also highlights the difference
in the main effects among inputs. For Qol; and Qols, the significant gap
between the cation and anion lines and the next influential input un-
derscores the dominant role of ionic concentrations in regulating TAN
and pH levels. In contrast, the more evenly spaced lines for Qol; in Fig. 2

(a) suggest a distributed sensitivity across multiple parameters, reflect-
ing the multifaceted nature of biogas production influenced by various
microbial and substrate interactions.

The hybrid RBD-FAST method efficiently estimated main effects with
lower computational demand. Notably, when modelling the approach to
steady-state of the newly started digester treating THP sludge, not only
the three kinetic parameters (0ks), Kgis, Knydgcn and kpyqpr, commonly
recognised as sensitive parameters in ADM1 calibration, but also the
initial values (6p) of four state variables, X, °, X, °, S.,° and S, °,
significantly influenced model outputs. These findings emphasise the
importance of initial values of microbial and ion concentrations in the
inoculum during startup of a digester. Meanwhile, the negligible influ-
ence of kp,q; identified by GSA underscores the value of identifying
feedstock-specific sensitive parameters for further targeted model
calibration.

3.2. Bayesian calibration and uncertain inputs identifiability

The Bayesian calibration targeted the seven most influential inputs
identified through the SA (Table 3), including three 6 parameters (such
as, the disintegration rate constant kg, and the carbohydrate and pro-
tein hydrolysis rate constants kpyq , and kpyq,r) and four g values (such
as initial concentrations of soluble sugar degraders X,, ©, acetate de-
graders, X, °, and cation and anion S_,? and S, °). This reduced set
captured the majority of output variance while maintaining computa-
tional efficiency.

3.2.1. Prior distribution

Normal and Gamma distributions were selected as prior distributions
to capture the probability density information obtained from the liter-
ature specific to THP sludge (SM: Appendix C). Studies by Souza et al.
(2013a, 2013b) indicated that while an increased disintegration rate of
THP sludge due to the enhanced cell wall rupture and extracellular
polymeric substance release, its hydrolysis rates were lower compared to
raw sludge. Accordingly, right-skewed Gamma distribution priors were
assigned to hydrolysis rates (kpyqcn and kpyapr) to reflect their tendency
toward smaller values and similarly for the initial ion concentrations
(S0 and S, ).

In contrast, Normal distributions were applied to the disintegration
rate (kg;) and the initial concentrations of degraders (X, © and X, °) to
reflect the observed variability with a symmetric spread around the
mean. For the Normal distributions, the mean (1) was set at the midpoint
of the observed lower and upper bounds for THP sludge in SM: Appendix
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Fig. 5. Posterior predictive check on (a) digestate TAN, (b) digestate pH, and
(c) digestate tCOD observations.

C (kg 1.5-5.6, X, °: 1.348-5.792, X, O: 0.809-3.457). Whilst the
standard deviation (c) was estimated by assuming that 86.64 % of the
data (three o) falls within these bounds.

Table 4 summarised the marginal prior distributions adopted,
including the distribution type (i.e., Normal or Gamma) and its corre-
sponding parameters (mean y and standard deviation ¢ for Normal, and
shape a and rate g for Gamma) used to encode the initial knowledge
about the parameter distributions. Fig. 3 is a visualisation of these
distributions.

3.2.2. Posterior distribution and uncertain inputs identifiability

The statistical summary of the marginal posterior distributions for
the seven most influential parameters within s and 6y, calibrated
against daily biogas production, digestate TAN, and pH data prior to day
50 (<2 HRTs), is reported in Table 4. The table presents posterior mean
and standard deviation values alongside 95 % HDIs, location differ-
ences, and JS divergence, between marginal prior and posterior distri-
butions, with units consistent with Table 3. Fig. 4 complements this by
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showing the approximated marginal posterior distributions obtained
from the MCMC draws.

To improve calibration efficiency, literature-informed priors were
employed rather than non-informative uniform priors. As a result,
identifiability of uncertain inputs could not be assessed solely by the
sharpness of posterior distributions, as is typically done with uniform
prior (Pastor-Poquet et al., 2019; Yi and Park, 2021). Instead, Location
Difference and JS divergence were used to quantify the extent of
prior-to-posterior updates. JS divergence showed to be particularly
effective in capturing changes in both central tendency and distribu-
tional spread.

Among the kinetic parameters (6s), kxydcn Was the most identifiable,
with both metrics indicating substantial updates. Its posterior mean
(0.024 d_l, Table 4) was lower than the values reported in other THP
sludge studies (SM: Appendix C), yet comparable to the estimate cali-
brated by Pastor-Poquet et al. (2019), whose model distinguished be-
tween fast and slow carbohydrate hydrolysis. This supports the
hypothesis that THP pretreatment partially hydrolyses complex carbo-
hydrates into soluble sugars, leaving behind a more recalcitrant fraction,
consistent with the stepwise degradation proposed by Shana et al.
(2013). In contrast, kgs exhibited limited identifiability, showing a
substantial mean shift but minimal HDI change (Figs. 3 and 4), as
confirmed by the small JS divergence, indicating persistent uncertainty
in its estimation.

Among the four uncertain initial values (6p), both JS divergence and
Location Difference metrics agreed that X,, °® was the least identifiable
input, whilst S, and S, ° were the most identifiable. Notably, upon
incorporating new observation, the HDI of the posterior for S, nar-
rowed while maintaining a right-skewed gamma-like distribution. In
contrast, the peak of the posterior of S,  shifted to the right. This led to
a posterior mean difference of 0.301 kmol/m® between these two vari-
ables, aligning with the charge balance constraint as indicated by
Equation (1), where S,,° — S,,,° = 0.146 kmol/m®, accounting for po-
tential measurement errors in VFA, TC, TOC, and TAN.

Overall, although the calibrated values for S,,.° and S, ° are higher
than the literature values (SM: Appendix C), they remain chemically
plausible given the ionic strength of the inoculum. For example, the
posterior mean cation concentration (S, %) was 0.198 kmol/m?® and the
anion concentration (San,0 = 0.499 kmol/m?, Table 4), slightly above
reported ranges of 0.01-0.16 and 0.02-0.60 kmol/m>, respectively
(Song et al., 2019; Pehlivanoglu and Sedlak, 2004).

The analysis of degrader-groups influences was performed by vary-
ing the total biomass concentration (Xbaco) while maintaining the rela-
tive distribution of degrader groups constant according to their
maximum growth rates (pmax). This analysis identified only the sugar
degrader (Xmo) and acetate degrader (Xaco) as influential. However,
during the start-up phase, variability in the actual distribution of mi-
crobial functional groups may affect transient dynamics. These findings
highlight the importance of more detailed inoculum characterisation to
improve early-stage model calibration (Wu et al., 2016).

Beyond inoculum distribution, additional short-term mechanisms
may also contribute to fluctuations in biogas production. Transient mi-
crobial inhibition, minor shifts in substrate availability, or gas storage
dynamics in the digester headspace could all introduce variability not
captured by the current ADM1 structure. Incorporating these processes
into future ADM1 extensions, or collecting higher-resolution operational
data, may improve predictive accuracy for dynamic biogas trends
(Tisocco et al., 2024; Liu et al., 2022).

Based on data spanning less than two hydraulic retention times
(HRT = 50 days), Bayesian inference effectively narrowed the uncer-
tainty in parameter distributions. Under the specific calibration condi-
tions employed in this study, the most identifiable parameters were the
hydrolysis rates, kpyqcn and kgyapr, along with the initial ion concentra-

tions, S,,° and S, °, as confirmed by JS divergence.
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(a) Calibration with informative prior
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Fig. 6. Posterior predictive check of daily biogas flow for the model calibrated, respectively, with (a) informative and (b) non-informative uniform prior.

3.3. Validation of Python-based ADM1

The predictive performance of the calibrated model was subse-
quently evaluated using validation data covering key outputs such as
biogas production, TAN, pH, and tCOD under steady-state conditions.
Corresponding results are presented in Figs. 5 and 6 respectively. In
these figures, the blue dots represent the experimental data used for
calibration, while the black dots are the validation data. The orange line
represents the mean of the model outputs from 3000 sets of the seven
most influential s and 6y sampled from the posterior distribution, and
the shaded area represents the 95 % credible interval, which is the range
that has 95 % probability of containing the true values. In Fig. 6, the grey
dotted line represents the 10-day moving average trendline of the
experimental biogas production data.

As shown in Fig. 5(a), (b) and (c), the model calibrated using of
acclimatisation stage data (<50 days) accurately predicted the steady-
state digestate pH and tCOD concentrations, with 1.10 % and 5.38 %
MPEs respectively, for the posterior mean predictions. Besides, the
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calibrated model successfully captured the increasing pH trend during
the early-stage of digestion. However, the steady-state digestate TAN
level was underestimated by 10.60 %, which could be due to experi-
mental measurement variability or slight differences between model
assumptions and actual system behaviour. Simulation results indicated
that TAN and pH concentrations stabilised around day 100 (~4 HRTs),
while tCOD reached steady-state more rapidly, around day 50 (~2
HRTSs).

For daily biogas production (Fig. 6(a)), the calibrated model with
informative prior effectively captured the initial surge in biogas gener-
ation. The 10-day moving average of the validation data showed that
63.14 % of the points fell within the model's 95 % credible interval. As
this study focuses on a newly initiated digester transitioning towards
steady-state under a fixed OLR, short-term fluctuations arising from
minor variations in feedstock inflow and measurement noise were not
explicitly captured. Instead, the coverage metric was used as a bench-
mark of predictive accuracy, enabling comparison with the model cali-
brated using uniform priors (Section 3.4).
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Fig. 7. Residual distribution between mean predictions of the model calibrated with informative prior and experimental validation data (from day 7).

Table 5
Comparison of steady-state performance predictions (mean of 3000 simulation
outputs) between models calibrated with informative and uniform priors.

Categories Informative Prior Uniform Prior

Mean MPE Mean MPE

Daily biogas flow (m®/d)  63.136 % 10-day moving
average trendline within

95 % credible interval

38.983 % 10-day moving
average trendline within
95 % credible interval

TAN (kmole N/m?) 0.161 —10.602 % 0.164 —10.723 %
pH 7.891 +1.099 % 8.019 +2.8882 %
tCOD (kg/m%) 53.793 +5.379 % 33.061 —35.483 %

Fig. 7 shows the residuals between the mean model predictions and
the observed biogas production values in the validation dataset. The
residuals' minimum and maximum values are approximately equidistant
from zero, with a dense central cluster, confirming that the calibrated
model achieved good predictive alignment overall. However, the dis-
tribution is slightly right-skewed, indicating that higher biogas flows
were more frequently recorded by the gas counter, as observed in Fig. 6.
This implies that the measurement device exhibited greater sensitivity at
elevated flow rates.

Compared with traditional ADM1 calibration studies, which typi-
cally assess model performance through visual inspection (Blumensaat
and Keller, 2005; Ersahin, 2018), this study adopts a more rigorous and
statistically comparable evaluation using MPEs and the proportion of
observations captured within the 95 % credible interval. Overall, these
results highlight the effectiveness and robustness of the Bayesian cali-
bration approach for ADMI1, even when constrained by limited
early-stage biogas and digestate data. The calibrated model successfully
reproduced initial trends and delivered reliable predictions of
steady-state digester performance.

3.4. Influence of prior distribution

To further assess the influence of prior assumptions on the effec-
tiveness of Bayesian calibration, an additional calibration for the seven
Oks and 6p was performed using non-informative uniform priors over the
same ranges reported in Table 3. These uniform ranges were derived
from a broader set of ADM1 parameters documented in the literature for
sewage sludge, rather than being restricted to values specific to THP-
treated sludge.

Table 5 compares the predictive accuracy of models calibrated with
informative versus uniform priors, focusing on steady-state outputs for
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biogas production, digestate TAN, pH, and tCOD. While both models
underestimated steady-state TAN concentrations, the model calibrated
with uniform priors consistently underperformed across the remaining
metrics. Fig. 6 (a) and (b) further illustrates the impact of prior as-
sumptions through posterior predictive checks of daily biogas flow. In
Fig. 6 (b), the model with uniform priors overestimates biogas produc-
tion, with only 38.98 % of the 10-day moving average trendline falling
within the 95 % credible interval.

In contrast, Fig. 6(a) shows that the model calibrated with infor-
mative priors yields predictions more closely aligned with observed data
and exhibits narrower uncertainty bounds, indicating better parameter
identifiability and more reliable inference. These findings underscore
the importance of incorporating prior knowledge to improve model
robustness and predictive performance.

4. Conclusions

This study investigated the feasibility of calibrating the Anaerobic
Digestion Model No. 1 (ADM1) using only early-stage data from a lab-
scale semi-continuous anaerobic digester, with the aim of predicting
its steady-state performance. Since reaching steady-state can require
several months, this approach presents a practical and time-efficient
alternative for evaluating feedstock suitability and operational strate-
gies during start-up.

To overcome the challenge of calibrating ADM1 with limited data,
given its extensive parameter set, a twofold strategy was adopted: global
sensitivity analysis to identify influential parameters, and Bayesian
calibration to incorporate domain knowledge via informative priors.
These methods enabled effective model tuning despite data constraints.

ADM1 was implemented in Python to support high-throughput
simulation, allowing seamless integration with sensitivity analysis and
Bayesian workflows that require repeated model evaluation. This
computational setup facilitated efficient exploration of parameter space
and model calibration.

The findings highlighted the importance of jointly estimating initial
state variables, such as ion concentrations and microbial biomass,
alongside kinetic parameters. Under thermal hydrolysis pretreatment,
hydrolysis rates were more influential than disintegration kinetics due to
enhanced solubilisation. Jensen-Shannon divergence proved valuable
for assessing parameter identifiability across different prior assump-
tions, and calibration performance significantly improved when infor-
mative priors were used.

Validation against steady-state data demonstrated that the calibrated
model reliably reproduced key outputs including biogas production,



Y. Liu et al.

TAN, pH, and tCOD. By contrast, calibration with uniform priors
resulted in reduced predictive accuracy, underscoring the importance of
prior knowledge. The calibrated ADM1 successfully predicted daily
biogas production, with 63.14 % of validation points captured within
the 95 % credible interval, demonstrating reliable performance under
data-limited conditions.

From an industry standpoint, the proposed framework offers a
streamlined pathway to accelerate the design and commissioning of full-
scale anaerobic digesters. By enabling reliable calibration and robust
performance predictions from limited early-stage data, it supports
timely decision-making, shortens evaluation periods, and enhances
confidence in operational planning, especially for novel feedstocks or
pretreatment technologies. Future extensions incorporating microbial
inhibition kinetics and transient feedstock variability could further
enhance predictive accuracy and broaden industrial applicability.
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