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 A B S T R A C T

Biogas production through anaerobic digestion (AD) presents a sustainable energy alternative with significant 
potential to reduce global warming. However, AD is a complex, nonlinear, and dynamic process influenced by 
time-varying parameters and non-stationary disturbances. These challenges, together with the limited avail-
ability of reliable online measurements for key concentration variables, hinder effective real-time monitoring. 
To address these limitations, this study proposes a joint state and parameter estimation approach based on 
a modified Advanced Monitoring and Control (AMOCO) model with a Particle Swarm Optimization (PSO) - 
tuned Extended Kalman Filter (EKF), a combination not previously applied to anaerobic digestion processes. 
The modified AMOCO model, originally developed for control applications, is adapted to better align with 
both simulated and experimental data. Sensitivity analysis identifies three key parameters whose estimation 
significantly improves system reconstruction. To further enhance estimation performance, PSO is employed 
to tune the noise covariance matrices of a discrete EKF. Validation using the Anaerobic Digestion Model 
No. 1 (ADM1) as a benchmark plant confirms reliable state and parameter estimation and accurate output 
predictions. Robustness is assessed by applying the EKF tuned for nominal noise to different measurement-noise 
levels, demonstrating stable performance under moderate noise mismatch and limited degradation under severe 
mismatch. Results show that the proposed PSO-EKF approach achieves a 70%–80% reduction in augmented 
state-estimation RMSE compared with a conventionally tuned EKF. The methodology provides a foundation 
for monitoring and control in AD and has potential for adaptation to other complex, non-linear bioprocesses, 
thus supporting more sustainable and efficient waste-to-energy systems.
1. Introduction

Biogas, as of being one of the renewable and clean energy alterna-
tives, is of high interest in the mitigation of global warming by reducing 
the use of fossil fuels and greenhouse gas emissions [1]. This is done by 
reducing methane emissions and utilizing it instead of letting it dissi-
pate into the atmosphere. Methane is a most hazardous greenhouse gas 
and is the second-largest contributor to global warming [2]. The largest 
sources of methane are agriculture, fossil fuels, and decomposition of 
landfill waste. The need to reduce methane emissions through recovery 
and usage in waste management has therefore grown in interest, with a 
consequent increase of biogas plants based on anaerobic digestion [1].

Anaerobic digestion (AD) is now widely recognized as a viable and 
environmentally responsible method for managing organic waste while 
producing biogas, a gas mainly composed of methane and carbon diox-
ide [1]. The AD process involves a combination of multiple physical, 
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chemical, and biological processes, producing biogas and digestate. One 
of the major challenges associated with monitoring and controlling 
anaerobic digestion processes is that they are highly complex and 
nonlinear dynamic processes that rely on a delicate balance of various 
factors for optimal performance [3,4].

Biological systems, such as those involved in anaerobic digestion, of-
ten exhibit high variability due to non-stationary disturbances, dynamic 
interactions between subsystems, and the inherent unpredictability of 
biological processes. This variability necessitates robust and accurate 
online estimation techniques for effective model-based monitoring and 
control. In the context of anaerobic digestion, optimizing biogas pro-
duction requires reliable online measurement systems. However, since 
key concentration variables in the digester are difficult to measure 
online, it is necessary to develop reliable state and parameter estimators 
based on mathematical models. Mathematical models serve as essential 
instruments for the numerical simulation of the process, to predict how 
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a system will behave over time under different conditions, and also 
for the design of monitoring and control algorithms. The anaerobic 
digestion model no. 1 (ADM1) developed by the IWA task group [5], 
is recognized as the most comprehensive and sophisticated model. 
Though it can assist in the study of the process, it poses challenges 
in the design of monitoring and control systems. Due to this difficulty, 
researchers have been interested in the development of simpler models, 
including those by Hill [6], Dochain et al. [7] and Bernard et al. [8]. 
The Advanced MOnitoring and COntrol model for anaerobic processes 
(AMOCO) by Bernard et al. is a particularly promising alternative as it 
significantly reduces the number of states and parameters compared to 
ADM1 while still being physics-based. The original AMOCO has then 
been modified to account for the hydrolysis step, a decay term in the 
growth rates of the biomasses, and inorganic nitrogen [3,9]. This work 
highlights the first use of a modified AMOCO model from [3] for the 
joint estimation of states and parameters in the anaerobic digestion 
process, as explained in the next section.

Several studies have been conducted regarding the design of es-
timators for AD process. The Kalman Filter (KF) as in [10] and its 
nonlinear modifications, such as the Extended Kalman Filter (EKF) [11–
14] and the Unscented Kalman Filter (UKF) [12,15] have commonly 
been used for estimation of states and parameters of the AD. Also 
other approaches, as the least square regression [8], asymptotic ob-
server [16,17], nonlinear adaptive observer [4], unknown input ob-
server (UIO) [11], extended Luenberger observer [18], particle filter 
and moving horizon estimator [12] have also been proposed. The 
estimators developed so far are based on models such as Hill’s [11,13], 
the original AMOCO [4,12], and other reduced-order formulations. 
Among these, the EKF is the most widely utilized method for state 
estimation of an AD.

Despite its widespread use, it is well recognized that accounting for 
model and measurement uncertainties is essential for achieving reliable 
estimation performance in dynamic systems [19]. In the context of 
the EKF, these uncertainties are represented through the covariance 
matrices of process and measurement noises, denoted 𝑄 and 𝑅, re-
spectively. However, a significant challenge in designing an EKF lies 
in the considerable impact of these matrices, as well as system pa-
rameters, on the estimation accuracy. The matrices 𝑄 and 𝑅 should 
ideally be determined by considering the stochastic properties of the 
corresponding noises. However, since these properties are often un-
known, the covariance matrices are typically used as tuning knobs. 
Notably, in previous studies, these matrices were manually tuned us-
ing trial-and-error methods, which are proven to be cumbersome and 
very time-consuming procedures because of the high model order. 
Automatic tuning is therefore an attractive alternative.

To address the limitations of the original AMOCO, the presence of 
time-varying parameters, and the challenges in observer tuning, this 
study explores a modified AMOCO model for joint state and parameter 
estimation in anaerobic digestion (AD) processes, using a discrete EKF. 
A sensitivity analysis is first conducted to identify the most influential 
parameters, from which three critical parameters are selected for online 
estimation to enhance accuracy and reduce computational complexity. 
Furthermore, Particle Swarm Optimization (PSO) is introduced to opti-
mize noise covariance matrices (𝑄 and 𝑅), thereby eliminating reliance 
on heuristic tuning.

In addition, robustness of the proposed approach is evaluated thr-
ough structured measurement noise mismatch scenarios, enabling as-
sessment of estimator performance under realistic uncertainty condi-
tions. The key contribution lies in the integration of EKF joint esti-
mation, PSO-based covariance tuning, and parameter selection based 
on sensitivity analysis within the modified AMOCO model framework. 
To the best of the author’s knowledge, this combined approach has 
not been previously reported for this model, which presents increased 
nonlinear interactions for estimation. The proposed estimation scheme 
is validated using a high-fidelity benchmark model (ADM1), allowing 
assessment under realistic nonlinear dynamics and uncertainty.
2 
Fig. 1. The four basic stages of AD (Rectangle: intermediate products, oval: 
stages).

The remainder of this paper is organized as follows: Section 2 
presents the anaerobic digestion process models that are used in this 
paper. Section 3 describes the theoretical background of combined state 
and parameter estimation. Section 4 details the methodology used in 
this work. Section 5 presents the simulation results and provides a 
discussion. Finally, Section 6 concludes the paper.

2. Anaerobic digestion process models

Biogas production from anaerobic digesters is widely used. Anaer-
obic digestion is a biochemical process where organic matter is de-
composed in the absence of oxygen to produce biogas and digestate/ 
bioslurry. Biogas produced in anaerobic digesters consists of 50%–75% 
methane, 25%–45% carbon dioxide, and small percentages of other 
gases, such as ammonia and Hydrogen Sulphide [1]. The biogas produc-
tion is a complex process involving four stages (see Fig.  1), each being 
crucial for the complete breakdown of the initial organic material. The 
process begins with large, complex molecules being broken down into 
smaller ones in a stepwise manner. Specific groups of microorganisms 
play essential roles in each stage, working in succession to decompose 
the products generated from the preceding step [20].

The process starts with hydrolysis, where large organic polymers 
such as carbohydrates, proteins, and fats are broken down into simpler 
monomers like sugars, amino acids, and fatty acids. Following hydrol-
ysis is acidogenesis, where these monomers are further converted into 
volatile fatty acids, alcohols, carbon dioxide, hydrogen, and ammonia 
by acidogenic bacteria [5,20,21].

Next, during acetogenesis, the volatile fatty acids and alcohols 
produced in the previous step are converted into acetic acid, car-
bon dioxide, and hydrogen. The final stage, methanogenesis, involves 
methanogenic bacteria converting acetic acid, hydrogen, and carbon 
dioxide into methane and water, producing biogas [5,20,21].

To better understand and design monitoring and control algorithms 
for anaerobic digesters, models based on mass-balance considerations 
of the above four stages are widely used. The anaerobic digestion model 
no. 1 (ADM1) developed by the IWA task group [5], is recognized 
as the most comprehensive and sophisticated such model. ADM1 has 
subsequently been refined by various authors to enhance accuracy, 
robustness, and applicability to specific scenarios [20–22]. Although 
ADM1 is widely used for numerically simulating process behavior, it 
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poses challenges for practical design and control, due to the need 
to estimate large number of parameters, approximately a hundred, 
depending on the specific substrate [9,23,24]. Such challenges has 
encouraged researchers to find simpler models.

The Advanced Monitoring and Control system for anaerobic pro-
cesses (AMOCO) [8] has emerged as a promising alternative for 
monitoring and control system design. The AMOCO considers only 
two stages, specifically, the acidogenesis and methanogenesis stages. In 
the acidogenesis stage the acidogenic bacteria 𝑥1 consume the organic 
substrate and produce CO2 and VFAs (𝑠2). In the methanogenesis stage 
the methanogenic bacteria 𝑥2 uses the VFAs as substrate and generate 
CO2 and methane. To address shortcomings in the original AMOCO 
model though, it has been modified to account for the hydrolysis step, 
a decay term in the growth rates of the biomasses, and inorganic 
nitrogen [3,9]. The resulting modified AMOCO is defined by seven 
dynamic mass balance equations covering various aspects, such as 
hydrolysis dynamics, bacterial population balances (𝑥1 and 𝑥2), organic 
substrate (𝑠1), VFAs (𝑠2), alkalinity (𝑠𝑎𝑙𝑘), and inorganic carbon (𝑐) 
concentrations:
𝑑𝑥1
𝑑𝑡

= −𝐷𝑥1 + 𝜇1,max
𝑠1

𝑠1 + 𝑘𝑠1
𝑥1 − 𝑘𝑑1𝑥1 (1)

𝑑𝑥2
𝑑𝑡

= −𝐷𝑥2 + 𝜇2,max
𝑠2

𝑠2 + 𝑘𝑠2 +
𝑠22
𝑘𝐼2

𝑥2 − 𝑘𝑑2𝑥2 (2)

𝑑𝑥0
𝑑𝑡

= 𝐷
(

𝑥0,𝑖𝑛 − 𝑥0
)

− 𝜇0𝑥0 (3)
𝑑𝑠1
𝑑𝑡

= 𝐷
(

𝑠1,𝑖𝑛 − 𝑠1
)

+ 𝑘0𝜇0𝑥0 − 𝑘1𝜇1,max
𝑠1

𝑠1 + 𝑘𝑠1
𝑥1 (4)

𝑑𝑠2
𝑑𝑡

= 𝐷
(

𝑠2,𝑖𝑛 − 𝑠2
)

+ 𝑘2𝜇1,max
𝑠1

𝑠1 + 𝑘𝑠1
𝑥1

− 𝑘3𝜇2,max
𝑠2

𝑠2 + 𝑘𝑠2 +
𝑠22
𝑘𝐼2

𝑥2 (5)

𝑑𝑠𝑎𝑙𝑘
𝑑𝑡

= 𝐷
(

𝑠𝑎𝑙𝑘,𝑖𝑛 − 𝑠𝑎𝑙𝑘
)

+
(

𝑘1𝑁𝑠1 −𝑁𝑏𝑎𝑐
)

𝜇1,max

×
𝑠1

𝑠1 + 𝑘𝑠1
𝑥1 −𝑁𝑏𝑎𝑐𝜇2,max

𝑠2

𝑠2 + 𝑘𝑠2 +
𝑠22
𝑘𝐼2

𝑥2

+ 𝑘𝑑1𝑁𝑏𝑎𝑐𝜇1,max𝑥1 + 𝑘𝑑2𝑁𝑏𝑎𝑐𝜇2,max𝑥2 (6)
𝑑𝑐
𝑑𝑡

= 𝐷
(

𝑐𝑖𝑛 − 𝑐
)

+ 𝑘4𝜇1,max
𝑠1

𝑠1 + 𝑘𝑠1
𝑥1

+ 𝑘5𝜇2,max
𝑠2

𝑠2 + 𝑘𝑠2 +
𝑠22
𝑘𝐼2

𝑥2 − 𝑟𝑐 (7)

𝜑 = 𝑐 + 𝑠2 − 𝑠𝑎𝑙𝑘 + 𝑘𝐻𝑝𝑇

+
𝑘6
𝑘𝐿𝑎

𝜇2,𝑚𝑎𝑥
𝑠2

𝑠2 + 𝑘𝑠2 +
𝑠22
𝑘𝐼2

𝑥2 (8)

𝑟𝑐 = 𝑘𝐿𝑎
[(

𝑐 + 𝑠2 − 𝑠𝑎𝑙𝑘
)

−
𝜑 −

√

𝜑2 − 4𝑘𝐻𝑝𝑇 (𝑐 + 𝑠2 − 𝑠𝑎𝑙𝑘)
2

]

(9)

𝑟CH4 = 𝑘6𝜇2,𝑚𝑎𝑥
𝑠2

𝑠2 + 𝑘𝑠2 +
𝑠22
𝑘𝐼2

𝑥2 (10)

where 𝜇0 (𝑑−1) is the specific hydrolysis rate, 𝑘𝑖 (𝑖 = 0,… , 6) repre-
sent stoichiometric coefficients, and 𝜇𝑖,max (𝑖 = 1, 2) (𝑑−1) denote the 
maximum specific growth rates of the bacteria. 𝑘𝑠1 (𝑔𝐶𝑂𝐷𝐿−1) and 
𝑘𝑠2 (mmol L−1) are half-saturation constants, and 𝑘𝐼2 (mmol L−1) is an 
inhibition constant. 𝑘𝐻  represents Henry’s constant for CO2 (mmol L−1

atm−1), and 𝑝𝑇 , i.e. atmospheric pressure, is set to 1 atm. 𝑘𝑑1 and 𝑘𝑑2
are decay rate coefficients for the bacteria, 𝑁𝑠1 is nitrogen content of 𝑠1, 
and 𝑁𝑏𝑎𝑐 denotes the nitrogen content in the biomass. The parameter 
𝑘𝐿𝑎 (𝑑−1) denotes the liquid–gas transfer coefficient, while 𝑟𝑐 (mmol 
L−1d−1) quantifies the CO2 production rate and 𝑟CH4 (mmol L−1d−1) 
represents the methane production rate. The component concentrations 
in the influent stream are 𝑥 , 𝑠 , 𝑠 , 𝑠 , and 𝑐 .
0,𝑖𝑛 1,𝑖𝑛 2,𝑖𝑛 𝑎𝑙𝑘,𝑖𝑛 𝑖𝑛

3 
3. Joint state and parameter estimation

Most of the states in both ADM1 and AMOCO based models are 
concentrations, which often cannot be directly measured by online 
sensors. The inherent uncertainties and inaccuracies in the parameters 
assumed in anaerobic digestion models are also challenges in the design 
of monitoring and control systems. This calls for a design of combined 
state and parameter estimators.

The state of a system typically consists of quantities that change 
rapidly, while the time-varying parameters in biological systems typ-
ically change slowly. This difference should open up for effective 
estimation methods. Traditionally, the state estimation and parame-
ter identification problems have been seen as distinct problems [25], 
usually, handled in three ways. The most common approach is to first 
identify the parameters in an offline identification and then use the 
identified model for real-time state estimation. The second approach 
is to design dual filters [26], in which the estimation and identifi-
cation are achieved through iterations between two filters; one for 
state estimation, and the other for parameter estimation. The third 
method is to design a joint estimator in which the state vector is 
augmented with parameters to form an augmented state space [4]. 
Hence, this approach treats the estimation and identification problems 
simultaneously in one single observer. The disadvantages of this are 
large matrix operations, due to higher dimensionality of the resulting 
augmented model, and potentially poor numeric conditioning due to 
vastly different time scales of the states (including parameters) in 
the augmented state vector. However, the joint estimation of states 
and parameters takes advantage of their interdependence, resulting in 
more accurate estimates than separate estimations. This is particularly 
advantageous in systems where parameters affect state dynamics and 
vice versa. It also improves robustness and flexibility in estimating 
parameters and states of nonlinear systems [27].

The EKF has shown promising results in state estimation in various 
applications related to anaerobic digestion [11–14]. For a nonlinear 
system defined by
𝑥̇ (𝑡) = 𝑓 (𝑥 (𝑡) , 𝑢 (𝑡) , 𝜃) +𝑤𝑥(𝑡) (11)

𝑦 (𝑡) = 𝑔 (𝑥 (𝑡) , 𝑢 (𝑡) , 𝜃) + 𝑣(𝑡), (12)

where 𝑥 is the state, 𝑢 is the input to the system, 𝜃 corresponds to the 
parameters of the system, 𝑓 describes the dynamics of the system, 𝑔
represents the output equation, and 𝑤 and 𝑣 are process and measure-
ment noises with zero mean and covariances 𝑄 and 𝑅, respectively. It 
is assumed that the process and measurement noises are uncorrelated. 
Now, the parameter vector is split into parameters that vary with time, 
𝜃𝑧, and the remaining parameters 𝜃̄ that are assumed to be unchanged. 
As the parameters of the system we want to estimate are assumed to 
have very slow variations in time, their dynamics is approximated by 
using 
𝜃̇𝑧(𝑡) = 𝑤𝜃(𝑡). (13)

Defining the augmented state 𝑧 (𝑡) = [

𝑥 (𝑡) 𝜃𝑧 (𝑡)
]𝑇  results in new state 

and output equations given by
𝑧̇ (𝑡) = 𝐹 (𝑧, 𝑢, 𝑡) +𝑤𝑧(𝑡) (14)

𝑦 (𝑡) = 𝐺 (𝑧, 𝑢, 𝑡) + 𝑣(𝑡), (15)

where the constant parameters 𝜃̄ are incorporated in 𝐹  and 𝐺.
The system matrix 𝜙(𝑡) and the observation matrix 𝐻(𝑡) are the jaco-

bians of 𝐹 (⋅) and the measurement function 𝐺 (⋅), i.e. 𝜙 (𝑡) = 𝜕𝐹 (⋅)
𝜕𝑧  and 

𝐻 (𝑡) = 𝜕𝐺(⋅)
𝜕𝑧 . To implement the EKF in practical applications, where 

measurements and control inputs are typically available at discrete time 
intervals, the continuous-time model is discretized. The continuous-
time state 𝑧(𝑡) is then sampled at fixed time intervals, resulting in a 
discrete-time state representation 𝑧𝑘, where 𝑘 denotes the 𝑘th time-step. 
Similarly, the inputs 𝑢(𝑡) and outputs 𝑦(𝑡) are expressed as 𝑢𝑘 and 𝑦𝑘, 
respectively.
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The discretization of (14) and (15) then gives
𝑧𝑘 = 𝐹𝑘

(

𝑧𝑘−1, 𝑢𝑘−1
)

+𝑤𝑘−1 (16)

𝑦𝑘 = 𝐺𝑘(𝑧𝑘, 𝑢𝑘) + 𝑣𝑘. (17)

This discretization enables a recursive implementation of an EKF using 
discrete measurement data. The EKF mainly consists of two iterative 
steps. The first one is the time update (prediction) which propagates 
the state estimate forward in time. The apriori state estimate 𝑧̂−𝑘  and 
error covariance 𝑃−

𝑘 , are computed through

𝑧̂−𝑘 = 𝐹𝑘
(

𝑧̂𝑘−1, 𝑢𝑘
)

(18)

𝑃−
𝑘 = 𝜙𝑘𝑃𝑘−1𝜙

𝑇
𝑘 +𝑄. (19)

The second step is the measurement update (correction) updating the 
state estimate and error covariance through
𝑧̂𝑘 = 𝑧̂−𝑘 +𝐾𝑘[𝑦𝑘 − 𝐺(𝑧̂−𝑘 , 𝑢𝑘)] (20)

𝑃𝑘 = (𝐼 −𝐾𝑘𝐻)𝑃−
𝑘 , (21)

where 𝐾𝑘 is the Kalman gain, given by 
𝐾𝑘 = 𝑃−

𝑘 𝐻𝑇 [𝐻𝑃−
𝑘 𝐻𝑇 + 𝑅]−1. (22)

The EKF initialization involves setting the initial state estimate 𝑧̂0
and error covariance matrix 𝑃0, which are critical for ensuring filter 
convergence and stability [28].

The performance of the EKF depends critically on model accuracy, 
noise characterization, and the proper tuning of the covariance ma-
trices 𝑄 and 𝑅 to ensure stable and reliable estimates. The following 
section outlines the methodology employed to implement and assess 
this approach for an anaerobic digestion process.

4. Methodology

This section presents the methodological framework for develop-
ing and evaluating the proposed joint state and parameter estimation 
scheme using a discrete EKF. The procedure includes defining system 
inputs and outputs, selecting key parameters based on their influence, 
and designing the EKF using the modified AMOCO-based model, where 
the plant is represented by the same model but with introduced uncer-
tainties. The process and measurement noise covariance matrices 𝑄 and 
𝑅 are then tuned to ensure robust performance. To assess its practical 
applicability, the designed EKF is further validated using the ADM1 as 
the ‘‘true plant’’. In this context, the ‘‘true’’ plant represents a simulated 
reference system, and the corresponding values are model-generated 
reference data.

4.1. Inputs and outputs

The input signal used in an identification experiment can have a 
significant influence on the resulting parameter estimates [29]. In this 
work, the concentrations of each component in the influent stream, 
denoted as 𝑥0,𝑖𝑛, 𝑠1,𝑖𝑛, 𝑠2,𝑖𝑛, 𝑠𝑎𝑙𝑘,𝑖𝑛, and 𝑐𝑖𝑛, serve as the model inputs. 
Unfortunately, these model inputs can typically not be manipulated in-
dividually. Therefore, we apply a simultaneous pulsating square wave, 
corresponding to two different dilution levels of the feed to the digester. 
To decide on the frequency of the square wave, we investigated the 
speed of response of the states under the effect of two different input 
frequencies, corresponding to square wave pulses with periods of 0.5 
days and 5 days, as shown in Fig.  2. It is seen that the concentrations 
of the acidogenic and methanogenic bacteria are the slowest, hardly 
showing any effect of high frequency input (short period). The alka-
linity and inorganic carbon exhibit slightly faster response than the 
bacterial biomasses, but slower than the particulate organic matter, 
soluble organic matter, and VFAs. In most cases the input should 
emphasize the low-frequency properties of the system and hence should 
have a rich content of low frequencies [29].
4 
From this we take the input that corresponds to addition of 20 per-
cent to the initial concentration of substrates every five days, where the 
initial steady-state inputs are 𝑢0 = [𝑥0, 𝑖𝑛 𝑠1,𝑖𝑛 𝑠2,𝑖𝑛 𝑠𝑎𝑙𝑘,𝑖𝑛 𝑐𝑖𝑛]𝑇 =
[55 73 380 580 200]𝑇 , corresponding to influent composition of a 
cow manure [30].

The measurable outputs considered here are limited to the carbon 
dioxide production rate (𝑟𝑐), the methane production rate (𝑟CH4), and 
the alkalinity (𝑠𝑎𝑙𝑘).

4.2. Selection of parameters for estimation

Even though the modified AMOCO is a simplified model, it still has 
seven states and twenty parameters. The designed joint estimator will 
not be able to accurately estimate all the parameters together with 
the seven states, i.e. if the augmented state have a total of twenty-
seven variables, from the output measurements considered in this 
paper. Hence, to increase the robustness and accuracy of the estimator, 
we performed a sensitivity analysis to determine the most influential 
parameters of the model.

Sensitivity analysis involves a sequence of experiments where input 
values are varied around a central value, within specified limits, to 
observe how alterations in inputs influence changes in the model 
outputs [31]. There are several methods for performing sensitivity 
analysis. According to Zhou and Lin [31], sensitivity analysis methods 
are classified into three types: screening design method, local sensitivity 
analysis, and global sensitivity analysis. Various sensitivity analysis 
methods to determine the most influential parameters in anaerobic 
digestion models have been applied. Global sensitivity analysis tech-
niques, such as the Sobol index, have been used to quantify the impact 
of individual parameters and their interactions on model outputs, like 
methane production [32]. Screening methods, such as Morris screening 
and standardized regression coefficient analysis, have been utilized to 
detect the most significant parameters in complex, plant-wide models, 
thereby supporting model calibration and optimization [33].

To explore the sensitivity of the system to individual parameters, 
a local one-at-a-time perturbation method with a 50% variation was 
adopted to limit computational cost, although it does not capture 
interactions between parameters. To partially account for such interac-
tions, the off-diagonal elements of the process noise covariance matrix 
𝑄 corresponding to the parameters were tuned, allowing the EKF to 
consider correlated variations between parameters. We solved the state 
and output equations before and after perturbation and calculated the 
normalized sensitivity values. In online estimation of parameters we 
focus on the ones that have impact on the variables 𝑟𝐶 and 𝑟CH4

. These 
two variables show high sensitivity to the yield coefficients 𝑘1, 𝑘2, 
𝑘3, 𝑘5, and 𝑘6. As we are trying to reduce the number of parameters, 
we used period averaging of sensitivity values over the last complete 
period of the input signal. By defining a threshold value of 0.5, i.e. 50% 
of the highest sensitivity values, we identified 𝑘3, 𝑘5, and 𝑘6 to have 
a high influence on the production rates of CO2 and CH4. Details of 
the parametric sensitivity analysis of the modified AMOCO model are 
presented in [34].

To complement the sensitivity analysis, we assessed the practical 
identifiablility of the parameters 𝑘3, 𝑘5, and 𝑘6 using profile likelihoods.

4.3. Implementation of the discrete joint EKF

An initial attempt was made using dual EKF, which decouples 
estimation of states and parameters by employing two EKFs. This typ-
ically involved four steps: parameter prediction, state prediction, state 
correction, and parameter correction. However, preliminary results 
showed limited performance, primarily because the parameters were 
not sufficiently updated by the available measurements, i.e. 𝑟𝑐 and 𝑟CH4, 
in the context of this specific process. Thus, a joint estimation was 
implemented, instead.
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Fig. 2. Comparison of state responses under the influence of square-wave inputs with periods of 0.5 day and 5 days.
As described in Section 3, the implementation of the EKF consists of 
two steps: prediction of the next state estimate and covariance based on 
the dynamic system model, and update based on measurement informa-
tion. Prior to these steps one needs to specify the initial augmented state 
vector (𝑧̂0) and initial state estimation error (𝑃0), process noise (𝑄𝑖𝑛𝑖𝑡), 
and measurement noise (𝑅𝑖𝑛𝑖𝑡) covariance matrices. The initial states 
are adapted from the work of Rodriguez et al. [4] and parameters used 
in the simulation are taken partially from Bernard et al. [8] and Della 
Bona et al. [3]. The choice of initial state estimation error covariance 
requires careful consideration. A small 𝑃0 results in a low Kalman 
gain (𝐾), causing the parameter estimates to evolve slowly from 𝑧̂0. 
Conversely, a large 𝑃0 leads to a higher Kalman gain, allowing estimates 
to quickly jump away from 𝑧̂0, potentially promoting a faster initial 
convergence. The matrices 𝑃0, 𝑄𝑖𝑛𝑖𝑡 and 𝑅𝑖𝑛𝑖𝑡 are selected based on the 
formulas suggested by [15,35]:

𝑃𝑖𝑛𝑖𝑡 = diag
(

𝑘𝑝𝑧̂
2
0
)

(23)

𝑄𝑖𝑛𝑖𝑡 = diag
(

𝑘2𝑞 𝑚𝑖𝑧̂
2
0

)

(24)

𝑅𝑖𝑛𝑖𝑡 = diag
(

𝑘2𝑅𝑦
2
𝑖𝑛𝑖𝑡

)

(25)

where the values of 𝑘𝑝, 𝑘𝑞 , 𝑘𝑅, and 𝑚𝑖 are tuned by trial and error. 𝑦𝑖𝑛𝑖𝑡
is the first instance of the measured output.

In the prediction and update step the nonlinear system is linearized 
at the estimate and then discretized. The details are presented as 
follows.

4.3.1. Problem formulation
The parametrized modified AMOCO model (1)–(7) can be expressed 

as a general nonlinear dynamic system (14), where the parameter 
vector is defined as
𝜃 = [𝑘 𝑘 𝑘 ]𝑇 ,
𝑧 3 5 6

5 
and the augmented state to be estimated is consequently
𝑧(𝑡) = [𝑥1 𝑥2 𝑥0 𝑠1 𝑠2 𝑠𝑎𝑙𝑘 𝑐 𝑘3 𝑘5 𝑘6]𝑇 .

The output of the system, 𝑦(𝑡), consists of three components: the 
carbon dioxide production rate (𝑟𝑐), the methane production rate (𝑟𝑐ℎ4), 
and the alkalinity (𝑧). These rates are calculated using (9) and (10), 
generally represented as (15), based on the current state and parameter 
estimates.

4.3.2. Linearization about an estimate
The EKF relies on linearization about the estimated trajectory. To 

achieve this, we apply Jacobian linearization about the estimate.
If the solution of a nonlinear state-space model remains near an 

operating point (𝑧̄, 𝑢̄), then the dynamics can be approximated by a 
linear state space model of the form
𝑧̇ (𝑡) = 𝐴 𝑧 (𝑡) + 𝐵 𝑢 (𝑡) (26)

𝑦 (𝑡) = 𝐶 𝑧 (𝑡) +𝐷 𝑢(𝑡), (27)

where

𝐴 = 𝜕𝐹
𝜕𝑧

|

𝑧(𝑡)=𝑧̄(𝑡)
𝑢(𝑡)=𝑢̄(𝑡) , 𝐵 = 𝜕𝐹

𝜕𝑢
|

𝑧(𝑡)=𝑧̄(𝑡)
𝑢(𝑡)=𝑢̄(𝑡) ,

𝐶 = 𝜕𝐺
𝜕𝑧

|

𝑧(𝑡)=𝑧̄(𝑡)
𝑢(𝑡)=𝑢̄(𝑡) , and 𝐷 = 𝜕𝐺

𝜕𝑢
|

𝑧(𝑡)=𝑧̄(𝑡)
𝑢(𝑡)=𝑢̄(𝑡)

Here, the operating point is the current estimate 𝑧̄ = 𝑧̂ and the input 
𝑢̄ = 𝑢̂. The Jacobian function in MATLAB’s Symbolic Toolbox is used to 
linearize the process model and obtain the matrices 𝐴, 𝐵, 𝐶, and 𝐷 at 
every sample.

4.3.3. Discretization of the model
As the implemented estimator is a discrete extended Kalman filter, 

the modified AMOCO model also needs to be discretized. The linearized 
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model about an estimate is linearized using the Euler discretization 
method with a constant sampling time 𝑡𝑠 and is given by
𝑧𝑘+1 = 𝑧𝑘 + 𝐹

(

𝑧̂𝑘, 𝑢𝑘
)

𝑡𝑠 (28)

𝑦𝑘 = 𝐺
(

𝑧𝑘
)

+ 𝑣𝑘 (29)

𝜙𝑘 = 𝐼𝑛 + 𝑡𝑠𝐴 (30)

A sampling time (𝑡𝑠) of 0.01 days is selected to ensure accurate tracking 
of the system’s dynamics with the convergence requirements of the 
EKF, without introducing unnecessary computational load.

4.4. Tuning of Q and R

In the design of the EKF for nonlinear systems, the choice of process 
noise covariance matrix 𝑄 and the measurement noise covariance 
matrix 𝑅 should be done carefully to ensure good performance of the 
estimator, commonly referred to as tuning. The process noise covari-
ance matrix 𝑄 represents the uncertainty in the system model or process 
dynamics. It accounts for unmodeled effects or disturbances that affect 
the state transition. The measurement noise covariance 𝑅 represents the 
uncertainty in the sensor measurements. It determines how much the 
filter trusts the sensor measurements compared to the predicted state 
estimates.

Roughly, when 𝑄 is large relative to 𝑅, the filter assumes large 
uncertainty in the model and will trust the measurements more, even 
if they are noisy, which can lead to jumpy estimates. This is an 
undesirable situation as the purpose of the EKF is to optimally combine 
the model predictions and measurements to obtain smooth and accurate 
state estimates. Conversely, if 𝑅 is large relative to 𝑄, the filter will trust 
the process model more than the measurements. This leads to smooth 
estimates, but incorrect if the model is incorrect.

The ideal scenario is to have well-tuned 𝑄 and 𝑅 matrices that 
accurately reflect the real noise characteristics of the sensors and 
process model. This allows the EKF to strike the right balance between 
following the measurements and relying on the model predictions, 
resulting in smooth state estimates that reject measurement noise while 
still being responsive to real changes in the state [36].

The process and noise covariance matrices, 𝑄 and 𝑅 respectively, 
were first manually tuned using trial-and-error methods, which proved 
to be hard and very time-consuming procedures. To avoid this, employ-
ing modern optimization methods such as particle swarm optimization 
(PSO) for the tuning of 𝑄 and 𝑅 can be a solution.

PSO is a powerful algorithm that employs a swarm of particles to 
search for the optimal solution in a multidimensional space [37]. The 
algorithm initializes 𝑁 randomly positioned particles within a defined 
range of possible solutions, typically denoted as [𝑙𝑏 𝑢𝑏] for the lower 
and upper bounds. Each particle 𝑖 in the swarm serves as an agent that 
explores the solution space, with its position 𝑝𝑖 and velocity 𝑣𝑖 updated 
at each iteration 𝑞 of the optimization process. During each iteration, 
a particle evaluates the objective function 𝑉  at its current position 𝑝. 
Basically, each particle maintains a memory of its own best 𝑝𝑏𝑒𝑠𝑡. This 
personal best is replaced whenever the particle finds a position that 
yields a better fitness value, that is, if 𝑉 (𝑝) < 𝑉 (𝑝𝑏𝑒𝑠𝑡). The algorithm 
also typically tracks the globally best position (𝐺𝑏𝑒𝑠𝑡) achieved by any 
particle in the swarm. The movement of a particle is governed by a 
velocity update formula that considers the particle’s current velocity, 
its personal best position, and the global best position of the swarm. 
The standard velocity update equation for particle 𝑖 is
𝑣𝑖 (𝑞 + 1) = 𝑤𝑣𝑖 (𝑞) + 𝑐1𝑟1

(

𝑝𝑏𝑒𝑠𝑡,𝑖 (𝑞) − 𝑝𝑖 (𝑞)
)

+ 𝑐2𝑟2
(

𝐺𝑏𝑒𝑠𝑡 (𝑞) − 𝑝𝑖 (𝑞)
)

,

where 𝑤 is the inertia coefficient, 𝑐1 and 𝑐2 are acceleration coefficients, 
and 𝑟1 and 𝑟2 are random values [38,39].

After updating the velocity, the position of each particle is adjusted 
using the following equation:
𝑝 (𝑞 + 1) = 𝑝 (𝑞) + 𝑣 (𝑞 + 1).
𝑖 𝑖 𝑖
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This process continues for a predetermined number of iterations or until 
a stopping criterion is met, at which point the algorithm returns the 
best solution found. The effectiveness of PSO stems from its ability to 
balance exploration of the search space with exploitation of known 
good solutions, making it adaptable to a wide range of optimization 
problems.

In this work, the novel approach is the integration of particle swarm 
optimization (PSO) with EKF for application on anaerobic digestion 
process. The implementation utilizes the PSO solver in MATLAB to 
tune the individual elements of the covariance matrices 𝑄 (process 
noise) and 𝑅 (measurement noise) offline. Specifically, two PSO runs 
are employed: the first PSO optimizes the diagonal entries of 𝑄 and 𝑅, 
while the second focuses on the off-diagonal elements of 𝑄 associated 
with the parameters. To obtain suitable values for 𝑄 and 𝑅 used in the 
estimator, synthetic data was generated using the nonlinear dynamic 
model under steady-state operation and time-varying influent condi-
tions, with known parameter values and input profiles. The simulation 
was conducted over a time horizon of 100 days with a sampling 
interval of 0.01 day, resulting in 10,000 samples. To emulate realistic 
measurement conditions, Gaussian noise was added to the simulated 
outputs.

Each particle 𝑖 in the swarm represents a candidate set of entries for 
𝑄 and 𝑅, which are critical to balancing prediction and measurement 
updates in the EKF framework. The PSO configuration adopted in this 
work uses MATLAB’s particleswarm function with a swarm size of 
100 particles and a maximum of 400 iterations. The inertia is controlled 
using an inertia range of 0.1 – 1.1, and both self- and social- adjustment 
coefficients set to 1.49.

When setting up the PSO, the formulation of the cost function 
plays a critical role in the estimation performance. In particular, proper 
scaling of the variables is necessary to prevent any single variable 
from dominating the cost function due to differences in magnitude. To 
address this, normalization is applied to ensure balanced contributions 
across variables.

In addition, appropriate lower and upper bounds must be defined 
for the search space. The estimator was found to be sensitive to values 
of 𝑄 and 𝑅. Improper bounds may easily lead to numerical insta-
bility and unreliable estimates, whereas appropriately chosen bounds 
improve convergence and robustness of the optimization process. Ad-
ditional details on scaling and bounds selection are provided in the 
Supplementary Material (Table S1).

The objective function is defined as:
min 𝑉 (𝑝) (31)

subject to 𝑙𝑏 ≤ 𝑝 ≤ 𝑢𝑏

 where 𝑉  is defined as

1
𝑛

𝑛
∑

𝑖=1

1
10

10
∑

𝑗=1

|

|

|

𝑧̂𝑗 − 𝑧𝑟𝑒𝑓 ,𝑗
|

|

|

max
(

𝑧𝑟𝑒𝑓 ,𝑗
)

−min
(

𝑧𝑟𝑒𝑓 ,𝑗
) ,

where 𝑧̂𝑗 is the estimated augmented state, based on the candidate 𝑄
and 𝑅, and 𝑧𝑟𝑒𝑓 ,𝑗 is the corresponding model-generated reference tra-
jectory generated by the simulation model. Each error term is therefore 
scaled by the range of the reference trajectory. During optimization, the 
PSO algorithm evaluates these diagonal entries by propagating their 
corresponding covariance matrices through the prediction and correc-
tion steps of the EKF. The best performing particles, those producing 
the smallest state and parameter estimation errors, guide the swarm’s 
search towards optimal matrices 𝑄 and 𝑅. The numerical values of the 
optimal covariance matrices are provided in Supplementary table S2.

4.5. Validation by considering ADM1 as a true plant

In the previous section, an EKF was designed using the modified 
AMOCO model, with the real plant being taken as the same model but 
with some uncertainties. However, it is crucial to validate the designed 
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EKF to determine its practicality for implementation in a real anaerobic 
digester facility. Therefore, this section discusses the validation of the 
EKF.

As a replacement for a real plant, the ADM1 is used, specifically 
the version in [20]. The Anaerobic Digestion Model no. 1 (ADM1) is 
the most well-known and complex model developed to describe the 
anaerobic digestion process, and hence can be used as a benchmark 
for a real plant. This ADM1 implementation includes a system of 
equation with 35 differential and 1 algebraic equation. In contrast, 
the modified AMOCO model consists of only 7 differential equations, 
corresponding to the seven states and 2 algebraic equations. This 
reduction is achieved through state aggregation and simplification of 
the underlying biochemical processes, where several state variables 
and interactions present in ADM1 are lumped together in the modified 
AMOCO formulation. Consequently, certain dynamic pathways and 
nonlinear interactions captured in ADM1 are not explicitly represented, 
resulting in structural and parametric differences between the model 
used for estimation and the reference system employed for simulation.

To interface the two models, we first simulated the ADM1 model 
using the complete set of parameters and influent conditions reported 
in [20]. The resulting ADM1 state trajectories served as the basis for 
constructing the corresponding AMOCO state variables. These AMOCO-
equivalent states were obtained by applying the conversion formulas 
given in [9] with a slight modification to account for the hydrolysis 
stage [3] (see Appendix  A). 

Next, we obtain equivalent parameters of the AMOCO from the 
ADM1 simulation. Many AMOCO parameters, like the liquid–gas trans-
fer coefficient (𝑘𝐿𝑎) and biomass decay rate can be directly transferred 
from the ADM1 parameter set. Other parameters like 𝑁𝑠1 and 𝑘𝐻
are adapted from [3]. The remaining set of parameters, for which no 
direct correspondence exists, are identified using a hybrid optimization 
approach, to solve the following problem:

min
𝜃

1
𝑛

𝑛
∑

𝑖=1

1
9

9
∑

𝑗=1

|

|

𝑚𝑎𝑚𝑜𝑐𝑜 − 𝑚𝑎𝑑𝑚1
|

|

𝛥𝑚𝑗
(32)

subject to 𝑙𝑏 ≤ 𝜃 ≤ 𝑢𝑏

where

𝜃 = [𝑘1 𝑘2 𝑘5 𝑘6 𝑘𝐼2 𝑘𝑠1 𝑘𝑠2 𝜇1,𝑚𝑎𝑥 𝜇2,𝑚𝑎𝑥]𝑇 ,
𝑚 = [𝑥1 𝑥2 𝑥0 𝑠1 𝑠2 𝑠𝑎𝑙𝑘 𝑐 𝑟𝑐 𝑟CH4]𝑇

with 𝑚𝑎𝑚𝑜𝑐𝑜 and 𝑚𝑎𝑑𝑚1 being the simultaneous corresponding vectors 
of 𝑚 by the modified AMOCO and by the ADM1. 𝑛 is the number of 
samples, 𝛥𝑚𝑗 is a normalizing vector used to handle that the magnitude 
of 𝑚 vary across the variables. In this case the range of 𝑚𝑎𝑑𝑚1 is used, 
i.e. 𝛥𝑚𝑗 = max

(

𝑚𝑎𝑑𝑚1,𝑗
)

−min
(

𝑚𝑎𝑑𝑚1,𝑗
)

, to normalize each variable in 
𝑚.

The lower and upper bounds, 𝑙𝑏 and 𝑢𝑏, for the search space of the 
parameters, 𝜃, are based on the results of the parameter identification 
by Della Bona et al. [3].

The modified AMOCO is simulated using the ode15s solver in 
MATLAB taking initial states equivalent to the ones used in the ADM1 
simulation, using the conversion formulas in Appendix  A. The inputs 
for simulation of ADM1 are the steady-state inputs presented by Rosen 
et al. [20] and with 20% increased concentrations for five days every 
ten days. The inputs used in simulations of AMOCO are calculated 
using the corresponding formulas in Appendix  A. Hence, the first seven 
elements of 𝑚𝑎𝑚𝑜𝑐𝑜 are the solutions of the ode15s solver and the last 
two variables are obtained using the algebraic equations stated in the 
modified AMOCO model.

Some mismatch between the modified AMOCO model and the 
ADM1 simulation may be explained by differences in the initial states 
and the nature of the input concentrations used. These differences 
can affect the performance of the estimator and should be taken into 
account when interpreting the results.
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Table 1
Optimal values of modified AMOCO equivalent ADM1 parameters.
 Parameters 𝑘1 𝑘2 𝑘5 𝑘6 𝑘𝐼2  
 Optimal values 11.82 167.7 105.96 482.87 20.09 
 Parameters 𝑘𝑠1 𝑘𝑠2 𝜇1,𝑚𝑎𝑥 𝜇2,𝑚𝑎𝑥  
 Optimal values 1.6 8.82 1.01 0.27  

The parameters in Table  1 were obtained using a hybrid opti-
mization strategy. A population-based Genetic Algorithm (GA) was 
first employed to perform a global search of the parameter space and 
identify a promising region. The solution obtained from the GA was 
then used as the initial guess for the constrained optimization solver
fmincon, which refined the parameters to a local optimum of the 
problem in (32). This approach mitigates sensitivity to initialization 
and improves convergence reliability for the nonlinear optimization 
problem. The consistency of the obtained parameter set was confirmed 
by the fact that the GA and the subsequent fmincon refinement 
converged to very similar parameter values.

Once the modified AMOCO equivalent ADM1 state variables and 
solutions of the algebraic equations, which are taken as measured 
outputs, are obtained, the next step is to validate the EKF estimator. 
This validation involves three main steps: predicting the next state 
using the modified AMOCO model, updating the estimate with new 
measurements, and correcting it based on the difference between the 
prediction and the ‘measured’ outputs from the ADM1 simulation.

4.6. PSO-based covariance tuning and robustness analysis

In practical systems, measurement noise may vary due to sensor 
quality, environmental conditions, or instrumentation errors. There-
fore, it is important to assess the estimator’s performance under dif-
ferent noise levels.

The measurement noise is modeled as a zero-mean Gaussian noise:
𝑣 = 𝛼𝑤, 𝑤 ∼ 𝒩 (0, 𝐼)

where the scaling factor 𝛼 determines the covariance 𝑅 = 𝛼2𝐼 .

4.6.1. PSO-based covariance tuning
To evaluate the capability of the proposed PSO-based framework 

to systematically tune the EKF covariance matrices for a given noise 
scenario, three measurement noise levels were considered:

Case 1: Nominal Noise
𝛼 = 𝑡𝑠𝑘𝑟∕

√

2

This case corresponds to the nominal measurement noise level used in 
the baseline simulations.

Case 2: Moderate Noise
𝛼 = 𝑡𝑠∕

√

2

This scenario represents a moderate increase in measurement noise 
relative to the nominal assumption.

Case 3: Severe Noise
𝛼 = 1∕

√

2

This case introduces a significantly larger noise level to assess estimator 
performance under challenging conditions.

For each scenario, the noisy measurements were used as input to 
the EKF, and the covariance matrices 𝑄 and 𝑅 were re-optimized using 
PSO. Unlike conventional EKF approaches, where covariance matrices 
are empirically chosen and fixed, the proposed PSO-based framework 
systematically adjusts the covariance matrices for each noise scenario. 
The obtained simulation results, including state estimates, output pre-
dictions, and residual analysis, demonstrate that the estimator remains 
stable and accurate across all tested noise intensities.
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Fig. 3. Estimated states and parameters obtained by simulating the modified AMOCO model as a real plant. Subfigures (a) – (g) show state estimates, and (h) 
– (j) show parameter estimates. model-generated reference values represented by solid blue lines, manually tuned EKF estimates by red dashed lines, and PSO - 
tuned EKF estimates by green dash-dotted lines.
4.6.2. Robustness to noise mismatch
To evaluate estimator robustness, the EKF tuned for the nominal 

noise level was tested under different noise intensities without re-
optimizing 𝑄 and 𝑅. This experiment assesses the robustness of the 
estimator to a mismatch between assumed and actual noise statistics. 
The same nominal noise definition to Section 4.6.1 is used for this 
robustness analysis, and different noise scenarios were generated by 
scaling the nominal noise by a factor of 0.5, 1, 3, and 10, corresponding 
to lower than nominal noise, nominal noise, moderate noise increase, 
and high noise intensity, respectively.

5. Results and discussion

In this section, the results of the state and parameter estimation 
using the modified AMOCO model as a true plant are presented first 
and then the results for the validation of the estimator applied to 
the ADM1 model as a true plant are discussed. The profile likelihood 
analysis showed that 𝑘3 and 𝑘6 are practically identifiable, exhibiting 
clear and well-defined minima. However, 𝑘5 is weekly identifiable, 
with a flat profile region indicating that the current measurements do 
not fully constrain its value. All parameters were restricted to positive 
and physically realistic bounds, which prevents nonphysical parameter 
drift and ensures that parameter estimates remain within biologically 
meaningful ranges. The state and parameter estimation results are 
obtained under these identifiability and constraint considerations.
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As the EKF is derived from the modified AMOCO model, the first 
implementation is based on simulations of the modified AMOCO model 
as a real plant. A small amount of measurement noise is added to test 
the robustness of the estimator.

In Fig.  3, estimation of the augmented state variables is presented 
with the comparison of the estimation based on manual tuning and 
PSO tuning. These plots confirm that the EKF is capable of estimating 
both the states and parameters of the anaerobic digestion process using 
the modified AMOCO model. As shown, manual tuning of the noise co-
variance matrices requires several trial-and-error iterations to achieve 
convergence across all estimations. Even after multiple attempts, the 
estimation of 𝑘3 fails to converge to the model-generated reference 
value, and instead diverges. Although further manual tuning could 
improve this, it is difficult and highly time consuming. In contrast, 
using PSO not only reduces the estimation time, but also enhances 
estimation accuracy.

Although these results are promising, several important consider-
ations must be kept in mind. It is generally advisable to keep the 
number of variables to be estimated as small as possible because 
estimating too many variables at once usually reduces robustness and 
may risk instability. In addition, the effect of sampling time should 
also be taken into account. Larger sampling intervals risk missing key 
system dynamics, while very small intervals can unnecessarily increase 
computational load without significant gains in accuracy.

To evaluate the accuracy of the estimation, the plots of the residuals, 
i.e. the difference between the true and estimated augmented state, 
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Fig. 4. Estimation error with respect to the model-generated reference values generated by the modified AMOCO model. The red dash-dotted lines represent 
error using the manually tuned EKF, whereas solid green lines show errors using the PSO-tuned EKF.
are presented in Fig.  4. In addition to the overall reduction in residual 
magnitude, Fig.  4 reveals clear differences in the transient and steady-
state behavior of the two estimators. The manually tuned EKF exhibits 
more pronounced oscillations in several states, particularly during the 
initial transient, and in some cases retains a small bias throughout 
the simulation. By contrast, the PSO-tuned EKF produces faster error 
attenuation and noticeably smoother trajectories, indicating improved 
numerical stability. These observations demonstrate that PSO tuning 
enhances both the convergence characteristics and robustness of the 
filter across all components of the augmented state. Fig.  5 shows how 
closely the outputs, based on the estimated augmented states, align 
with the true outputs. This close match confirms the effectiveness of 
the EKF, with further improvements seen when PSO tuning is applied.

Although three noise scenarios were tested, detailed time/series 
plots are presented only for the nominal noise scenario due to space 
limitations, while quantitative performance metrics for all noise lev-
els are summarized in Table  2. When applying the EKF to ADM1 
data, as shown in Fig.  6, the PSO-tuning significantly improves the 
convergence of the states towards the ADM1 simulation results. The es-
timated parameters using PSO-tuned EKF towards the ‘true’ values also 
demonstrates relatively faster convergence than the manually tuned 
9 
EKF. The time series convergence is further clarified by plotting the 
residuals between the ADM1 simulations and the estimated states and 
parameters, as presented in Fig.  7. These error plots demonstrate the 
consistency of the estimation.

One possible reason for the lack of convergence in parameter 𝑘5
(see Fig.  6i) estimation is the limited availability of data for parameter 
estimation. Specifically, the parameter identification in Section 4.5 is 
performed by using the seven states variables along with the production 
rates 𝑟𝑐 and 𝑟CH4, whereas, estimation relies only on alkalinity, 𝑠𝑎𝑙𝑘, and 
the production rates, which may not provide sufficient information to 
accurately infer all parameters. Additionally, the parameters 𝑘3, 𝑘5, and 
𝑘6, are often assumed to be fixed stoichiometric coefficients, while in 
reality they depend on the substrate composition. This dependence in-
troduces variability that adversely affects the accuracy of the parameter 
estimation.

Fig.  8 extends the comparison presented in Fig.  5 by showing how 
closely the outputs based on the estimated augmented states match 
those of the ADM1 model. While both filters reproduce the oscillatory 
behavior well, the PSO-tuned EKF provides a slightly more accurate 
fit. These results confirm that the improved estimation accuracy ob-
tained via PSO tuning directly translates into more accurate output 
reconstruction under noisy measurement conditions.
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Fig. 5. Outputs derived from four sources: reference states (solid blue lines), noisy measurements (i.e. reference states with added noise (solid black lines)), and 
state estimates before (red dashed lines) and after PSO tuning (green dash-dotted lines).
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Fig. 6. Estimated states and parameters obtained when simulating the ADM1 model as a real plant. Sub-figures (a) – (g) show state estimates, and (h) – (j) show 
parameter estimates. model-generated reference values represented by solid blue lines, manually tuned EKF estimates by red dashed lines, and PSO - tuned EKF 
estimates by green dash-dotted lines).
Table 2
Quantitative comparison of EKF performance under varying measurement 
noise levels using manual and PSO-based covariance tuning.
 Category Case Tuning RMSE MAE  
 

Augmented States

Nominal Manual 32.56 15.31 
 PSO-based 6.72 2.38  
 Moderate Manual 32.48 15.23 
 PSO-based 6.89 2.32  
 High Manual 26.35 11.81 
 PSO-based 9.66 2.96  
 

Outputs

Nominal Manual 4.19 0.03  
 PSO-based 0.51 0.02  
 Moderate Manual 4.19 0.04  
 PSO-based 0.50 0.05  
 High Manual 0.67 0.40  
 PSO-based 0.51 0.30  

Table 3
Estimation performance of the EKF tuned for nominal noise under measure-
ment noise mismatch.
 Noise level Augmented states Outputs

 (relative to nominal) RMSE MAE RMSE MAE 
 0.5× 6.59 2.38 0.47 0.02  
 1× 6.59 2.38 0.47 0.02  
 3× 6.59 2.38 0.47 0.02  
 10× 6.90 2.57 0.47 0.02  

The performance of the PSO-based tuning was found to be sen-
sitive to the scaling of variables and the selection of bounds, which 
significantly influenced convergence and stability of the estimation 
process.

Table  2 shows that the PSO-tuned EKF consistently outperforms 
the manually tuned EKF across all noise scenarios. For the augmented 
11 
states, the RMSE and MAE are reduced by approximately 70%–80%, 
indicating significantly improved state and parameter tracking. Similar 
improvements are observed for the outputs, where both the RMSE 
and MAE decrease significantly under all noise levels. Although es-
timation errors generally increase with measurement noise intensity, 
this trend is mild for the PSO-tuned EKF. In contrast, the manually 
tuned EKF exhibits an unusual behavior where RMSE and MAE change 
only slightly, and in some cases even decrease, as noise increases, 
making the filter comparatively insensitive to changes in the injected 
measurement noise. As a result, the manually tuned EKF does not 
adequately adapt to different noise conditions, whereas the PSO-based 
tuning maintains consistent performance across all scenarios.

A quantitative comparison in Table  3 shows that estimation errors 
remain nearly unchanged for noise levels up to three times the nominal 
value, with variations below 2% for all metrics. Under severe mismatch 
(10×nominal), the augmented state RMSE and MAE increase by 4.6% 
and 8.3%, respectively, while the output RMSE remains practically 
unchanged and the output MAE increases by 10.7%. Although perfor-
mance degradation is observed under extreme noise conditions, the 
overall error levels remain within an acceptable range, confirming 
that the estimator retains practical robustness to significant covariance 
mismatch.

6. Conclusion

In this work, a joint estimator of anaerobic digestion process states 
and parameters using a discrete extended Kalman filter is designed 
based on the modified AMOCO model. Sensitivity analysis is performed 
to identify three critical parameters, improving estimator accuracy. To 
further improve filter performance, Particle Swarm Optimization (PSO) 
was used to optimize the process and measurement noise covariance 
matrices, resulting in a significant reduction in estimation errors, with 
a 70%–80% decrease in augmented state-estimation RMSE compared 
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Fig. 7. Estimation error with respect to the model-generated reference values generated by the ADM1 model. The red dash-dotted lines represent error using the 
manually tuned EKF, whereas solid green lines show errors using the PSO - tuned EKF.
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Fig. 8. Outputs derived from four sources: reference states generated by simulating the ADM1 model (solid blue lines), noisy measurements (i.e. reference states 
with added noise (solid black lines)), and manually tuned estimates (red dashed lines) and PSO - tuned EKF estimates (green dash-dotted lines).
with a conventionally tuned EKF. Validation of the designed estimator 
is presented by taking the ADM1 model as a real plant. It is shown that 
state estimation accuracy is relatively high. Predicted output also has 
a very high accuracy indicating that the model is capable of capturing 
overall system behavior.

Robustness analysis further demonstrated that the EKF tuned for 
nominal noise maintains reliable estimation performance under moder-
ate covariance mismatch, with only limited degradation observed under 
severe noise conditions.

The integration of sensitivity analysis with a PSO-tuned-EKF pro-
vides a robust and efficient framework for real-time monitoring of 
AD processes, supporting more stable and efficient biogas production. 
In subsequent studies, this approach can be extended to real-time 
implementation and integrated with advanced control strategies. The 
methodology also holds potential for applications to other complex 
biological and physicochemical systems characterized by nonlinear 
dynamics and limited sensor availability.
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Appendix A. Equivalence between modified AMOCO and ADM1 
variables

𝑥1 = (𝑥𝑠𝑢 + 𝑥𝑎𝑎 + 𝑥𝑓𝑎 + 𝑥𝐶4
+ 𝑥𝑝𝑟𝑜)∕1.55 (A.1)

𝑥2 = (𝑥𝑎𝑐 + 𝑥𝐻2
)∕1.55 (A.2)

𝑥0 = 𝑥𝑐 + 𝑥𝑐ℎ + 𝑥𝑝𝑟 + 𝑥𝑙𝑖 (A.3)

𝑠1 = 𝑠𝑠𝑢 + 𝑠𝑎𝑎 + 𝑠𝑓𝑎 (A.4)

𝑠2 = 1000(
𝑠𝑣𝑎
208

+
𝑠𝑏𝑢
160

+
𝑠𝑝𝑟𝑜
112

+
𝑠𝑎𝑐
64

) (A.5)

𝑠𝑎𝑙𝑘 = 1000(
𝑠𝑣𝑎
208

+
𝑠𝑏𝑢
160

+
𝑠𝑝𝑟𝑜
112

+
𝑠𝑎𝑐
64

+ 𝑠HCO3
) (A.6)

𝑐 = 1000𝑠𝑖𝑐 (A.7)

𝑟𝑐 = 1000𝜌𝑇 ,10 (A.8)

𝑟CH4
=

1000𝜌𝑇 ,9
64

(A.9)



B. Abera et al. Biomass and Bioenergy 213 (2026) 109365 
Appendix B. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.biombioe.2026.109365.
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