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Abstract

The operational complexity of anaerobic digestion (AD) processes often hinders their efficiency.
Control strategies based on mechanistic models face significant challenges related to calibration
and the formal requirement of state observers, particularly as demonstrating system
observability from limited online measurements remains a non-trivial analytical task that is
often considered intractable for complex, nonlinear high-dimensional systems. This thesis
presents a systematic investigation into the feasibility of a purely data-driven Nonlinear Model
Predictive Control (NMPC) strategy as a pragmatic alternative, framed as a proof-of-concept.
The proposed framework utilizes a Long Short-Term Memory (LSTM) neural network, whose
architecture was informed by preliminary studies from the author's undergraduate work, as a
surrogate predictor. A key aspect of this approach is that the model is trained only on readily
available online measurements, such as influent and methane flow rates, thereby testing the
hypothesis that this limited information set is functionally sufficient for control.

The study methodically evaluates the LSTM-NMPC approach in a simulated environment by
progressively increasing the complexity of the AD model, from the simplified AM2 to the
comprehensive ADMI1. In the simulated scenarios, the data-driven controller successfully
achieved setpoint tracking and rejected stochastic disturbances. A comparative analysis showed
that the non-linear MPC strategy resulted in a lower tracking error compared to both a linear
model-based MPC and a classically tuned PI controller. The scalability of the methodology was
further examined through its application to a multi-input anaerobic co-digestion (ACoD)
scenario, where Bayesian Optimization was used as an exploratory tool to identify an effective
control strategy. Finally, a comparison with model-free Reinforcement Learning (RL) was
conducted to contextualize the implementation trade-offs.

This work concludes that a data-driven NMPC strategy is a viable approach for the control of
simulated AD processes. The results suggest a pathway for achieving stability and performance
without relying on complex, first-principles models, dedicated state observers, or formal
observability analysis, demonstrating the potential of this framework as a computationally
feasible and scalable control solution.

Keywords:

Anaerobic Co-digestion (ACoD), Anaerobic Digestion (AD), Anaerobic Digestion Model No.
1 (ADM1), Anaerobic Model No. 2 (AM2), Black-Box Modeling, Data-Driven Modeling, Long
Short-Term Memory (LSTM), Model Predictive Control (MPC), Nonlinear AutoRegressive
with eXogenous inputs (NARX), Nonlinear Model Predictive Control (NMPC), Process
Control, Reinforcement Learning (RL), System Identification.
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Glossary

e ACoD (Anaerobic Co-digestion): A process involving the simultaneous digestion of
two or more different substrates. This practice can enhance the performance of anaerobic
digestion by leveraging the complementary characteristics of different materials.

e Actor-Critic: A class of Reinforcement Learning algorithms where two components are
learned: the Actor (the policy that selects actions) and the Critic (a value function that
evaluates those actions).

e AD (Anaerobic Digestion): A biological process in which a consortium of
microorganisms breaks down biodegradable organic matter in the absence of oxygen.

e ADMI1 (Anaerobic Digestion Model No. 1): A comprehensive and high-fidelity
mechanistic model developed by the International Water Association (IWA) to describe
the anaerobic digestion process.

e AM2 (Anaerobic Model No. 2): A simplified, control-oriented dynamic model for
anaerobic wastewater treatment processes. It simplifies the process into two main stages:
acidogenesis and methanization.

e ANN (Artificial Neural Network): A computational model inspired by the structure of
biological neural networks, capable of approximating complex nonlinear functions
directly from data.

e ARX (AutoRegressive with eXogenous inputs): A linear model structure used in
system identification that predicts the current output based on a history of past outputs
and external inputs.

o Attention Mechanism: A technique in neural networks that allows the model to
dynamically focus on the most relevant parts of the input sequence when making a
prediction, rather than relying on a fixed-size context.

o Black-Box Modeling: A system identification approach that focuses on modeling the
input-output relationship of a process without detailing the internal mechanisms based
on first principles.

e COD (Chemical Oxygen Demand): A measure of the amount of oxygen required to
chemically oxidize the organic matter in water. It is a key indicator of the pollutant load.
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e CSTR (Continuously Stirred Tank Reactor): A common type of chemical reactor in
which reactants are continuously fed, and products are continuously removed, while the
contents are well-mixed.

e DDPG (Deep Deterministic Policy Gradient): A model-free, off-policy, actor-critic
reinforcement learning algorithm designed for tasks with continuous action spaces.

e GRU (Gated Recurrent Unit): A type of Recurrent Neural Network (RNN) that, like
LSTM, uses gating mechanisms to manage information flow but with a simpler
architecture.

e LSTM (Long Short-Term Memory): A specialized type of Recurrent Neural Network
(RNN) designed to learn long-term dependencies in sequential data through a "gating"
mechanism.

e  MISO (Multi-Input, Single-Output): Refers to a system that has multiple inputs and a
single output.

e ML (Machine Learning): A field of artificial intelligence that uses statistical techniques
to give computer systems the ability to "learn" from data.

e MPC (Model Predictive Control): An advanced control method that uses a dynamic
model of a process to predict and optimize its future behavior over a defined time
horizon.

e NARX (Nonlinear AutoRegressive with eXogenous inputs): A nonlinear model
structure that predicts the current output using a history of its own past outputs and past
external inputs.

e NMPC (Nonlinear Model Predictive Control): A variant of MPC that uses a nonlinear
model to predict the process behavior.

o PID Controller (Proportional-Integral-Derivative): A classical feedback control loop
mechanism widely used in industrial control systems that calculates an error value as the
difference between a measured process variable and a desired setpoint.

vi
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R

e RL (Reinforcement Learning): A machine learning paradigm in which an agent learns
to make decisions by interacting with an environment to maximize a cumulative reward.

e RMSE (Root Mean Squared Error): A primary metric for evaluating the accuracy of
a model's predictions.

o RNN (Recurrent Neural Network): A class of neural networks designed for sequential
data, which use feedback loops to maintain an internal state or "memory".

e SAC (Soft Actor-Critic): A model-free, off-policy, actor-critic reinforcement learning
algorithm based on the maximum entropy framework.

e SISO (Single-Input, Single-Output): Refers to a system that has a single input and a
single output.

o TD3 (Twin Delayed Deep Deterministic Policy Gradient): An extension of the DDPG
algorithm that introduces improvements to increase stability and performance.

e VFA (Volatile Fatty Acids): Intermediate compounds produced during the acidogenesis
stage of anaerobic digestion.

vil



Data-Driven Modeling of Anaerobic Digestion

=¢10A

(e e, Processes with a View to Process Control
Nomenclature
AM?2 Model Variables
Symbol Description Units
X4 Acidogenic biomass concentration gL
X, Methanogenic biomass concentration gL
S1 Biodegradable organic substrate concentration gL
S, Volatile fatty acids (VFA) concentration gL
Z Total alkalinity concentration mmol-L™!
C Total inorganic carbon concentration mmol-L™!
D Dilution rate d!
U1, Uy Specific growth rate for biomass d!
ki...kg Yield and stoichiometric coefficients Dimensionless
qu Methane flow rate mmol-L'-d™!
qc Carbon dioxide flow rate mmol-L'-d™!
pH System pH Dimensionless

viil
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Symbol Description Units
Qins Influent flow rate (manipulated variable) L-h™!
QcH, Effluent methane flow (controlled variable) L-h™
Ourts Oseras Qstrs ACoD influent ﬂov;ri)a}[‘:i )(manure, glycerine, Lht
Ssu Monosaccharides concentration molC-L™
Saa Amino acids concentration molC-L!
Sta Long-chain fatty acids concentration molC-L™
Xen Xpr Xii Particulate carbohydrates, proteins, and lipids molC-L™!
Xswaa Xrar Biomass concentrations (sugar degraders, etc.) molC-L™!
Sac Acetate concentration molC-L™!
pH System pH Dimensionless
pj Kinetic rate of process j molC-L'-h™!
v, Stoichiometric coefficient .of component i in Dimensionless
process j
Viig Liquid volume of the reactor L
Kais: Knyas Kaoc Disintegration, hydrolysis, and decay rate bt or d-t

X
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km Maximum substrate uptake rate molC-(molC-h)™!
Ks Half-saturation constant (substrate affinity) molC/L
I Inhibition function Dimensionless

Data-Driven Predictor Variables

Symbol Description
Ve Predicted model output at time t
Vi Measured process output at time t
U Manipulated variable (input) at time t
w Window size (history of past data)
) Nonlinear mapping function (approximated by the LSTM)
LSTM Cell Variables
Symbol Description
Ct Cell state (long-term memory) at time t
h; Hidden state (short-term memory) at time t
Xt Input to the LSTM cell at time t
i Input gate
ft Forget gate
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0t Output gate
gt Candidate for cell state update
Oy, Oc Activation functions (sigmoid and hyperbolic tangent)

MPC Controller Variables

Symbol Description
Cost function at sampling instant k
Kk pling
N, Prediction horizon
N, Control horizon
Vre Desired reference value (setpoint
f Y
u Control action (manipulated variable
k p
Auy, Change in control action
w,, , Wy Weighting factors for error and control effort
y ghting

Reinforcement Learning (RL) Variables

Symbol Description
St State of the environment at time step t
A; Action taken by the agent at time step t
Riiq Reward received after taking action At

xi
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Expected return (cumulative discounted reward)

Ge
4 Discount factor for future rewards
4 Policy: the agent's strategy for choosing actions
0 Parameters of the policy network (Actor)
w, Parameters of the value function network (Critic)

xii
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1 Introduction

1.1 Motivation and Context

Anaerobic digestion (AD) is a bioprocess technology applied to challenges in waste
management and renewable energy production (Barahmand & Samarakoon, 2022; Piadeh et al.,
2024). Amid increasing energy demands and concerns over resource depletion and climate
change, there is a continued need for robust renewable energy sources (Yoshida & Shimizu,
2020). In this context, AD's ability to convert waste streams into valuable energy and nutrient-
rich fertilizers positions it as a key technology for advancing the circular economy (Adekunle
& Okolie, 2015; Piadeh et al., 2024)

This biological process takes place without oxygen, where a diverse consortium of
microorganisms breaks down biodegradable organic matter (Barahmand & Samarakoon, 2022).
It is widely used to treat various waste and wastewater streams, such as sewage sludge,
municipal solid waste, and agricultural residues (Arzate, 2019; Rodgers et al., 2024). The
benefits of AD include reducing the Chemical Oxygen Demand (COD) of the influent,
stabilizing organic wastes like sewage sludge, and generating a valuable energy source as
biogas, which consists mainly of methane and carbon dioxide (Jiménez-Ocampo et al., 2021;
Lima et al., 2025).

Additionally, AD processes show lower sludge production than aerobic digestion (Méndez-
Acosta et al., 2005) , and the resulting digestate can be used as a nutrient-rich fertilizer
(Adekunle & Okolie, 2015). These characteristics position AD as a key component for achieving
a circular economy by converting waste into valuable energy and resources (Piadeh et al., 2024).

Despite its established benefits, the operational efficiency of many AD plants is often limited
by the intrinsic complexity of the biological system (Giovannini et al., 2017; Ordace et al.,
2012), which 1s defined by slow reaction rates, strong nonlinearity, and high sensitivity to a
range of internal and external disturbances (Arzate, 2019; Méndez-Acosta et al., 2005; Tawai &
Sriartyanun, 2022). Such disturbances include variations in substrate composition, temperature
changes, and the buildup of intermediate compounds like volatile fatty acids (VFAs) or
ammonia, which can inhibit methanogenic activity and lead to process instability or failure (He
et al., 2024). As a result, plant operators often face sub-optimal biogas output and effluent
quality, partly due to the absence of reliable online measurement systems for key process
variables (Gaida et al., 2012). This operational challenge suggests that advanced engineering
and control strategies could ensure more stable and efficient AD performance.
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1.2 Problem Statement

The operational difficulty of anaerobic digestion (AD) requires advanced control strategies to
ensure stable and efficient performance. Model-based control is an established strategy for this,
but it depends on an accurate mathematical representation of the process. One common
approach is to use mechanistic models that describe the underlying biophysical phenomena. The
Anaerobic Digestion Model No. 1 (ADM1) is a well-known example, offering a detailed
description useful for simulation and process understanding (Batstone et al., 2002).

However, using ADMI1 for real-time control is not straightforward. Its complexity, with many
states and parameters, makes calibration a difficult and time-consuming task in an industrial
setting (Catenacci et al., 2021; Mudzanani et al., 2023). This complexity reflects the biological
reality: the AD process involves numerous interacting biochemical variables, many of which are
not well understood or cannot be monitored directly. From a control theory standpoint, this lack
of access to the process's internal workings makes verifying the model’s observability a major
challenge. Observability is the ability to infer the internal state of a system from its outputs.
While studies have shown that simplified versions of ADMI are observable, these analytical
methods are too computationally demanding for more complex structures like the full ADM1
(Hellmann et al., 2023). This issue, along with the limited online sensors available (e.g., pH, gas
flow), means that fully reconstructing the internal state is a difficult, analytically intractable
task. The lack of guaranteed observability is a fundamental problem for control strategies based
on full state estimation, like Extended Kalman Filters (EKF) or Particle Filters, because they
require a known and observable state-space model (Bornhéft et al., 2013; Gaida et al., 2012).

Simplified models like the Anaerobic Model No. 2 (AM2) were created to help with these
control issues. Even with their reduced complexity, however, they are often limited to specific
feedstocks and still rely on state estimation for variables that can't be measured online (Bernard
etal., 2001; Dewasme et al., 2019; Donoso-Bravo etal., 2011; Jamilis et al., 2018). While formal
analytical studies can sometimes be used to confirm observability in these simpler structures,
this property is not guaranteed and depends critically on which variables are measured.
Confirming observability for a system with few instruments remains a necessary and non-trivial
step before designing a state-based controller. The effort involved in this entire approach, from
parameterization to observability analysis, has led to interest in other strategies. An alternative
is to develop a surrogate model, a data-driven approximation of the process that shifts the
engineering focus from first-principles modeling to collecting data and validating an input-
output predictor.

This methodological shift becomes particularly relevant for complex models like ADM1, where
analytical observability checks are often intractable, creating a practical impasse for control
strategies that require a state observer. The data-driven framework offers an alternative path by
reframing the problem. Instead of first needing to prove formal observability, it directly
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investigates whether a model built on limited measurements is functionally sufficient for robust
control. This is not the same as formal observability. It is plausible that certain internal states,
particularly those related to physicochemical equilibria and charge balances that are better
reflected in measurements like pH, may not be fully captured from gas production alone.
Therefore, a central question in this work is whether a practical control solution can be
developed without the prerequisites of a formal observability analysis and a dedicated state
observer, even if the underlying system might not strictly observable from the available
measurements.

Challenges with mechanistic models and the growing availability of online process data have
increased interest in black-box, data-driven methods (Gupta et al., 2023; Rutland et al., 2023).
Machine Learning (ML) provides a variety of useful techniques. For example, artificial neural
networks (ANNs) have been effective at predicting biogas flow rate, handling the complex
nonlinear dynamics of AD, especially when combined with metaheuristics for variable selection
(Beltramo & Hitzmann, 2019). These techniques can also be used to create software sensors;
ANNSs have been used to estimate key components from low-cost online measurements to help
with process monitoring (Dewasme, 2020). Among these methods, Recurrent Neural Networks
(RNNs) like Long Short-Term Memory (LSTM) networks are designed for sequential data
(Hochreiter & Schmidhuber, 1997). They have proven useful for predictive monitoring
(McCormick & Villa, 2019), and have been considered as internal models for predictive control
in similar chemical processes (Zarzycki & Lawrynczuk, 2021). While variations of this
approach may have been proposed for AD, this thesis contributes by providing a comprehensive
feasibility study, from data generation and model development to closed-loop controller
performance analysis and benchmarking against alternative strategies.

The central hypothesis is that an input-output predictor, such as an LSTM network, can
effectively model the process dynamics using only historical online measurements. This
approach offers a pragmatic alternative to control strategies requiring explicit state estimation,
thus bypassing the practical challenges of model observability. However, this methodological
shift implies a critical trade-off: the model's reliability is fundamentally constrained to the
operational domain represented in the training data, and it cannot, by design, extrapolate to
unseen conditions or anticipate instabilities originating from internal dynamics not captured in
the input-output record.

While accurate prediction is useful, the main goal is robust process control. Model Predictive
Control (MPC) is an advanced tool that uses a dynamic model to optimize future control actions,
which is well-suited for the slow dynamics and constraints of AD systems (Bolmanis et al.,
2023). Studies have shown that Nonlinear MPC (NMPC) using simplified mechanistic models
can be effective, with successful applications in full-scale plants for demand-driven biogas
production (Cortés et al., 2022; Garcia-Gen et al., 2022; Mauky et al., 2016). However, these
methods still depend on having a reasonably accurate physics-based model. The field of ML for
AD modeling is still developing (Gupta et al., 2023), so there is limited research on combining
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NMPC with purely data-driven predictors like NNs for AD control. The existing work in this
area often uses simulation platforms (e.g., BSM1) or has difficulty with real-world applications,
highlighting a gap in the literature regarding the systematic, closed-loop assessment of such
data-driven control frameworks (Liu et al., 2023).

This thesis presents a systematic study that demonstrates the principal stages of developing and
assessing a data-driven MPC strategy. The work methodically evaluates the framework's
performance and scalability, encompassing the sequence from predictor development using
simulated data to its final assessment in a closed-loop control environment. The core
contribution is the rigorous assessment of this strategy's performance and scalability across a
curated progression of simulated environments, moving from a simplified model (AM2) to the
comprehensive ADM1, and culminating in a more challenging multi-input co-digestion
scenario. The study thereby demonstrates the feasibility of the approach and characterizes its
behavior under varying levels of process complexity.

1.3 Justification for the Control Objective

Anaerobic digestion (AD) is commonly applied for the dual purpose of waste management and
renewable energy production. The former focuses on stabilizing organic matter and reducing
pollutant load, while the latter centers on biogas generation. This thesis concentrates on the
energy aspect, specifically on regulating biogas output as the primary control objective.

The methane flow rate (Qcp,) was selected as the controlled variable for this proof-of-concept
study for a few reasons. It is a key performance indicator (KPI) with direct energetic and
economic value, so its regulation corresponds to managing a value-added product. Also,
methane production results from a complex, nonlinear, and slow-dynamic biochemical network
that is sensitive to unmeasured disturbances in the feed, which makes its regulation a non-trivial
control problem. Controlling this variable provides a benchmark to test the proposed
methodology's ability to handle the complexity, nonlinearity, and uncertainty inherent to the
process.

This focus is also consistent with current research. For instance, the work of (Haugen, 2014) on
a reactor treating animal waste sets as a primary aim the design of a control system for
"controlling the methane gas production to its setpoint" to achieve "constant power production".
Similarly, Garcia-Gen et al. (2014) propose an optimization method for co-digestion with the
explicit goal of "maximizing COD conversion into methane". In other studies, algorithms have
been developed to "track the methane production flowrate set as reference" (Garcia-Gen &
Wouwer, 2021) or to act on the dilution rate "to track a target methane flow rate" (Azta-Poblete
et al., 2025). These examples indicate that focusing on methane flow control is aligned with
current research practices.
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The objective of this thesis, therefore, is not to design a comprehensive operational plan for a
treatment plant, but rather to evaluate a data-driven control methodology. The work aims to
show that a Model Predictive Control (MPC) strategy, using a black-box model like an LSTM
network that operates without knowledge of internal process states (e.g., biomass, VFAs), can
be a viable alternative to complex mechanistic models.

By successfully regulating the methane flow rate, this work serves to evaluate a control tool. In
subsequent stages, this tool could be used to pursue more complex, multi-objective operational
goals. In this sense, this thesis addresses a prerequisite by showing that the process can be
controlled with a data-driven approach, which can support future optimization studies.

1.4 Hypothesis and Objectives
1.4.1 Hypothesis

A Nonlinear Model Predictive Control (NMPC) strategy that uses a Long Short-Term Memory
(LSTM) neural network as its internal model can provide robust and efficient control for an
anaerobic digestion (AD) process. By relying only on readily available online measurements
like influent and methane flow rates, this data-driven approach can effectively track setpoints
and reject disturbances, offering a practical alternative to control strategies based on complex
mechanistic models.

1.4.2 Objectives
1.4.3 General Objective

To develop and characterize the performance and applicability of a data-driven NMPC strategy,
using an LSTM network as its internal model, for controlling anaerobic digestion processes.

1.4.4 Specific Objectives

1. Develop and validate data-driven predictors for the AD process. This includes:
a. Generating dynamic data for training and validation from two simulated AD
environments: the simplified AM2 and the comprehensive ADM1.
b. Designing and training LSTM networks to predict methane flow rate from
historical input-output data.
c. Evaluating the one-step and multi-step prediction accuracy of the trained LSTM
models on new data.
2. Design and implement a data-driven NMPC controller. This involves integrating the
validated LSTM models into an MPC framework to optimize control actions while
respecting operational constraints.
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3. Evaluate the closed-loop performance of the LSTM-NMPC strategy. This will be

done by:
a. Testing the controller's ability to track setpoints in both the AM2 and ADM1
simulations.

b. Assessing the controller's robustness against unmeasured stochastic disturbances
in the influent.
4. Analyze the computational feasibility of the proposed control strategy. This requires
measuring the computation time per control step to determine its suitability for real-time
implementation.

1.5 Thesis Outline

This thesis presents a proof-of-concept for a data-driven control strategy. The approach is
systematically evaluated in a simulated environment by progressively increasing the complexity
of the process, creating a clear narrative progression. The analysis begins with a simplified
model (AM?2) to establish the fundamental viability, move to the high-fidelity ADM1 to test the
methodology against a more complex system, and finally, apply the strategy to a multi-input
anaerobic co-digestion (ACoD) scenario to evaluate its scalability.

By using a simulated environment for this study, we create a controlled and repeatable setting.
This is a deliberate choice that allows for a direct assessment of the control method's
performance, separate from the inherent noise, unmodeled dynamics, and practical challenges
of a physical experiment. This approach ensures that the conclusions drawn are directly
attributable to the methodology itself, providing a solid foundation before considering the
potential surprises of a real-world implementation.
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2 Theoretical Framework and State of the Art

2.1 The Anaerobic Digestion Process

Anaerobic digestion (AD) is a complex biological process where a consortium of
microorganisms deconstructs biodegradable organic matter without oxygen (Donoso-Bravo et
al., 2011). This method is widely used for treating various organic waste streams, including
municipal sewage sludge, industrial wastewater, solid waste, and animal manure (Piadeh et al.,
2024), while also producing a valuable biogas mainly composed of methane (CH4) and carbon
dioxide (CO7) (Haugen et al., 2013).

The conversion of organic matter in an anaerobic digester occurs through a series of biochemical
reactions, typically categorized into four main stages: hydrolysis, acidogenesis (fermentation),
acetogenesis, and methanogenesis (Jeong et al., 2021). In the initial stage, hydrolysis,
extracellular enzymes break down complex insoluble organic polymers like carbohydrates,
proteins, and fats into simpler, soluble monomers such as monosaccharides, amino acids, and
long-chain fatty acids (Adekunle & Okolie, 2015). For complex organic substrates, hydrolysis
is often the rate-limiting step (Adekunle & Okolie, 2015).

Next, in acidogenesis, acid-forming bacteria convert these soluble monomers into intermediate
products, including volatile fatty acids (VFAs), hydrogen, and carbon dioxide (Adekunle &
Okolie, 2015). An accumulation of VFAs can cause acidification, which could destabilize the
entire process (Nguyen et al., 2015). Following this, acetogenesis converts VFAs into acetic
acid, also producing hydrogen and carbon dioxide (Adekunle & Okolie, 2015). The final stage,
methanogenesis, is performed by methanogenic archaea, which transform acetic acid and
hydrogen/carbon dioxide into methane (Rodriguez-Jara et al., 2023). Methanogenesis is often
the rate-limiting step when dealing with easily biodegradable substrates (Adekunle & Okolie,
2015). The overall AD process has non-linear dynamics and is sensitive to various operating
parameters (e.g., temperature, pH, C/N ratio), presenting a significant challenge for ensuring
stable and efficient operation (Nguyen et al., 2015).

2.1.1 Anaerobic Model No. 2 (AM2)

The AM2 model is a dynamic, mass-balance-based framework designed for anaerobic
wastewater treatment processes (Bernard et al., 2001). Unlike more complex models, AM2
simplifies the process into two steps, acidogenesis and methanization, and explicitly includes
physicochemical equilibria to account for alkalinity. This structure allows AM2 to capture both
transient and steady-state behaviors under different dilution rates (D). Given its structure, the
AM?2 is often parameterized to represent the digestion of readily biodegradable substrates.

For a continuously stirred tank reactor (CSTR) at a given dilution rate D, the model tracks six
state variables representing the concentrations of acidogenic bacteria, methanogenic bacteria,
7
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organic substrate, volatile fatty acids (VFAs), total alkalinity, and total inorganic carbon. The
model's key non-linear behavior is seen in the relationship between the dilution rate and steady-
state methane production (Figure 1). At low dilution rates, methane flow increases to an optimal
point. Past this point, higher dilution rates cause a sharp drop in performance, leading to a
process failure known as washout.

AM2 Operating Space: Methane vs. Dilution Rate
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Figure 1: Steady-state operating space of the AM2 model, illustrating the stable operating range, the optimal point for
methane production, and the washout threshold.

The mass balances for the state variables are described by the following system of equations:

% = 1, X, — aDX, (1)
% = X, — aDX, (2)
% = D(Sl,in - 51) — ki1 Xq (3
% = D(Sz,in - Sz) + kot X1 — k3 X, (4)
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P D(Zin—2) ©
dac
P D(Cin — C) — qc + kapts X1 + kspsX, (6)

The acidogenic growth rate (u;) is modeled by a Monod-type expression, p; =
U1 max S1/ (Ks1 + S1), while the methanogenic growth rate (i) follows Haldane kinetics to
account for VFA inhibition: p, = Uy max S2/ (ksz +S,+S%/ K,Z). Methane production is
computed from the methanogenic biomass as qy = kg X5.

2.1.2 Anaerobic Digestion Model No. 1 (ADM1)

The Anaerobic Digestion Model No. 1 (ADMI), developed by the International Water
Association (IWA) Task Group, represents the most comprehensive mechanistic framework for
describing the AD process (Batstone et al., 2002). Its primary purpose was to provide a
generalized model that could serve as a common basis for full-scale plant design, operation, and
optimization, helping to transfer technology from research to industry.

Unlike simplified models, ADM1 offers a structured description that covers multiple interacting
processes. The model's core is a set of mass balance equations for a Continuously Stirred Tank
Reactor (CSTR), describing the dynamics of both particulate (X;) and soluble (S;) state
variables. The general form of these differential equations is:

aX; Qm
as; an

where Q;, is the influent flow rate, Vj;, is the liquid volume, p; represents the kinetic rate of the
j-th process, and v; ; is the stoichiometric coefficient of component in process j.

The model details 19 biochemical processes, encompassing the conversion of substrates and the
growth and decay of 7 microbial populations, and is complemented by physicochemical
equilibria for acid-base reactions and gas-liquid transfer. This intricate structure results in a
highly nonlinear system behavior, as illustrated by its steady-state operating space in Figure 2.
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Figure 2: Steady-state operating space of the ADM1 model, showing the stable operating range and the washout threshold.

A full implementation involves a large system of coupled differential and algebraic equations,
with over 30 state variables and more than 100 parameters. Presenting the complete model is
impractical. Instead, to convey this complexity concisely, the model's structure is summarized
in Table 1, following the approach used in recent literature (Moradvandi et al., 2025).

Table 1: Structural summary of the main process groups in ADM1, showing key variables and general rate expressions.

Process Group

Key Variables
Involved

Description

General Rate Expression (p;)

Disintegration

Breakdown of
complex
composites into
inert material,
proteins, lipids,
and
carbohydrates.

Pdis = kais

'Xc

Hydrolysis

Xch' Xpr' Xli

Enzymatic
breakdown of
particulates into
sugars, amino

Phya = knya - Xi

10
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acids, and fatty
acids.

Acidogenesis

SSLU Saa

Uptake of sugars
and amino acids
by acidogenic
bacteria (Xgy qq)

Pacia = km

S;
Ks + S;

Xsu,aa ’ I()

Acetogenesis

Sfa: Sva'
Sbw Spro

Uptake of fatty
acids by
acetogenic
bacteria

(Xfa,c4,pro)-

Pacet = km mxfa,m,pro

Si

-10)

Methanogenesis

Sac: Shz

Conversion of
acetate and
hydrogen to
methane by

methanogens

(Xac,hz)-

Pmeth = k

i
™Ks + S;

Xac,hz ' 1()

Biomass Decay

Ssu,aa'

Xfa,c4,pro:

Decay of all 7
microbial
groups into
composite
particulate
material.

Pdecay = kaec * Xpact

Acid-Base

SH+ SHcog,
SNH3

Fast ion
association/disso
ciation
reactions,
crucial for pH
calculation.

Algebraic Equations (fast equilibria)

Gas Transfer

Sgas,ch4:

Sgas,hz' Sgas,coz

Transfer of
dissolved gases
from liquid to
the gas phase
(headspace).

Pgas = kLa(Si - KHPgas,i)

While this detailed structure is highly valuable for simulation, its complexity presents significant
challenges for real-time control. The primary difficulties are the calibration of its numerous
parameters and the high computational load required for its solution, which makes it generally
unsuitable for direct use within computationally demanding strategies like Model Predictive
Control (Batstone et al., 2006).

11
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2.2 Data-Driven Dynamic Modelling

Given the practical challenges associated with the calibration and state estimation of
mechanistic models, as outlined in the problem statement, an alternative paradigm is data-driven
modeling. This approach focuses on learning the process dynamics directly from experimental
data.

System identification is the process of building mathematical models for dynamic systems from
observed input-output data. While linear models are often sufficient for simple systems, many
processes in chemical and biological engineering exhibit significant nonlinearities. To address
this, nonlinear system identification utilizes flexible model structures, among which Artificial
Neural Networks (ANNSs) are prominent (M. Norgaard et al., 2000). ANNs can approximate a
wide range of nonlinear functions directly from data, reducing the reliance on first-principles
models that can be difficult to derive.

2.2.1 Neural Network Structures

The foundational element of an ANN is the artificial neuron, or perceptron. A neuron computes
a weighted sum of its inputs, adds a bias, and then passes the result through a non-linear
activation function to produce an output. By arranging these neurons in layers, more complex
structures can be formed. The most common architecture is the Multilayer Perceptron (MLP),
which typically consists of an input layer, one or more hidden layers with non-linear activation
functions (e.g., tanh), and an output layer. Figure 3 illustrates the basic structure of an artificial
neuron and a multilayer network.

Figure 3: Structure of an artificial neuron (left) and a multilayer neural network (right).

Neural networks can be integrated into classical linear system identification frameworks to
create effective non-linear models. This is done by replacing the linear mapping in structures
like FIR, ARX, ARMAX, and OE with a neural network, resulting in variants such as NNFIR,

12



Data-Driven Modeling of Anaerobic Digestion

=¢10A

(e e, Processes with a View to Process Control

NNARX, NNARMAX, and NNOE (M. Norgaard et al., 2000). These architectures differ mainly
in the inputs they use (regressors), such as past inputs, outputs, or prediction errors, which
determines if they operate in a feed-forward manner or with internal feedback. An overview of
these common structures is provided in Figure 4.

e NNFIR (Neural Network Finite Impulse Response): As a non-linear extension of the
FIR model, the NNFIR architecture is the simplest structure. It predicts the current
output based only on a finite history of past system inputs. Since it does not use past
output data, it is a purely feed-forward model.

e NNARX (Neural Network AutoRegressive with eXogenous inputs): This is the non-
linear version of the linear ARX model. It predicts the current output using a vector of
past measurements from both the system's external inputs and its own past outputs. The
structure remains feed-forward because it relies only on measured historical signals.

e NNARMAX (Neural Network ARMAX): The non-linear version of the ARMAX
model, this structure uses past inputs, outputs, and prediction errors as regressors.
Including past errors introduces an internal feedback loop into the model.

e NNOE (Neural Network Output Error): In the NNOE structure, the model uses its
own past predictions as inputs instead of the measured past outputs. This creates a direct
feedback loop, making its predictions dependent on its own previous behavior.

NNFIR NNARX NNARMAX NNOE
u(t—1)
— -1
u(t—1) -1 : u
—] u(_)’ u(t —ny) ot :
u(t —2) () : . y® u(t —ny) -
—p] —u(t —ny) PN y(t—-1) — ()
: —_— y(©) — )
_ y(t—1) — Pt —1)
) AR ) .
: —_— :
¥(t=n,) et—1) L)
——l | _
+
Ty
_,"\-L- y(©) .
Figure 4: Overview of common neural network-based system identification structures, including NNFIR, NNARX, NNARMAX,

and NNOE.

2.2.2 Recurrent Neural Networks (RNNs)

While feed-forward structures like NNARX are effective for many problems, they process each
input vector independently. Recurrent Neural Networks (RNNs) are a class of architectures
designed specifically for sequential data. Unlike feed-forward networks, RNNs explicitly

account for the time history of a sequence, or its "memory," by using a recurrent connection or
13
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feedback loop. This allows the network to maintain an internal state that captures information
from past inputs in the sequence (Brunton & Kutz, 2022). A conceptual representation of an
RNN, in both its compact (rolled) and sequential (unrolled) form, is shown in Figure 5.

Output Sequence y V1 Ve yr

a r'y r' a

ho hy h—q h, hr—1 hr
| RNN | » — RN L et RN T L ORNNG T
Operation Operation Operation

z s A A A

Input Sequence x X1 X X

Figure 5: A rolled (left) and unrolled (right) representation of an RNN. The feedback loop allows the hidden state (h;) to be
passed from one time step to the next, enabling the network to learn temporal dependencies.

The structure of RNNs is conceptually linked to dynamical systems. A key difference from feed-
forward networks is the training process: while a feed-forward network learns a mapping from
a state at one time step to the next, an RNN is trained over entire trajectories or sequences. This
training over sequences allows the history of the solution to shape the model, making RNNs
highly suitable for time-series prediction. However, this recurrent nature introduces a significant
challenge known as the vanishing gradient problem. When training with backpropagation
through time, gradients can diminish exponentially as they are sent back through long
sequences, making it difficult for the network to learn long-range dependencies. This limitation
led to the development of more advanced architectures, such as LSTMs.

2.2.3 Long Short-Term Memory (LSTM) Networks

Long Short-Term Memory (LSTM) networks are a specialized type of RNN created to overcome
the vanishing gradient problem and effectively learn long-term dependencies (Hochreiter &
Schmidhuber, 1997). The key innovation in LSTMs is a cell architecture featuring a dedicated
memory cell and a series of "gates" to regulate the flow of information. The structure of an
LSTM operation, showing the cell state and the forget, input, and output gates, is depicted in
Figure 6.
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X¢

Figure 6. Detailed architecture of a Long Short-Term Memory (LSTM) unit, illustrating the flow of information through the

forget (fi), input (i;), and output (o) gates.

The core components of an LSTM cell are:

1.

Cell State (c;): This acts as the long-term memory of the network. Information can be
added to or removed from the cell state, which flows through the entire sequence with
only minor linear interactions. This is essential for preserving the gradient over long time
periods.

Hidden State (h,): This acts as the short-term memory, carrying information from one
step to the next within the input sequence. It is the output of the LSTM cell at each
time step, representing a filtered version of the cell state relevant for that specific
moment. While it is calculated at every step, its use for the final prediction depends on
the network architecture. In sequence-to-one configurations, such as the one used in this
work, typically only the hidden state from the final time step is used to generate the
model's ultimate prediction for the entire sequence.

Candidate for cell state update (g,): This component generates a vector of new
candidate values based on the current input (x;) and the previous hidden state (h,_4). It
represents the potential new information that could be added to the long-term memory.

Gates: These are neural network layers (typically with a sigmoid activation function,
a4 ) that control the flow of information.

o Forget Gate (f;): Decides what information from the previous cell state (c;_;)
should be discarded.

o Input Gate (i;): Determines what new information from the candidate update
(g¢) should be stored in the cell state.

o Output Gate (0;): Controls what information from the current cell state is
passed on to the next hidden state (h;).
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The governing equations for the operations within an LSTM unit at each time step t are given
by the gate activations and the state updates. First, the activations for the input gate (i;), forget
gate (f;), candidate cell update (g;), and output gate (o,) are computed:

i = ay(Wix, + Rihe—q + b;) 9)
fi = 0,(Wpx, + Rehy—y + by) (10)
gr = oc(Wyx, + Ryh—1 + by) (11)
o = ag(Woxe + Rohe_q + by) (12)

where x; is the input, h;_ is the previous hidden state, W,R,b are the respective weight matrices
and bias vectors, g, is the sigmoid activation, and g, is the hyperbolic tangent (tanh) activation.

Next, the cell state (c;) and hidden state (h;) are updated based on these gates:

¢ =ftOc1+i: O Yt (13)
hy = 0, © o.(cy) (14)

where (O denotes element-wise multiplication. By using this gating mechanism, LSTMs can
selectively remember or forget information over long sequences, making them highly effective
for modeling complex dynamic systems with long-term dependencies.

2.2.4 Theoretical Justification for the Modeling Approach

The preceding sections established the practical challenges of mechanistic modeling and
introduced the principles of data-driven alternatives. This section synthesizes these concepts to
provide a unified theoretical justification for the modeling approach adopted in this work, which
1s built on three key theoretical pillars.

The Role of System Identification

System Identification provides the overarching engineering discipline for building mathematical
models from observed input-output data (Ljung, 1999). As formalized in the work of Ljung, this
field validates the use of nonlinear black-box methods like neural networks, offering a rigorous
methodological framework for this research. Adopting this approach aligns this work with
established practice in modern control engineering.

Representational Power via the Universal Approximation Theorem

The choice of a neural network as the core modeling tool is supported by the Universal
Approximation Theorem. This theorem states that a neural network with a single hidden layer
can approximate any continuous nonlinear function to an arbitrary degree of accuracy (Cybenko,
1989; Hornik et al., 1989). For this thesis, the theorem provides the theoretical support that a
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neural network possesses the necessary representational power to capture the complex,
nonlinear input-output dynamics of the anaerobic digestion process.

State Reconstruction from Time-Series Data

While the Universal Approximation Theorem guarantees that a neural network can represent
complex functions, it does not specify what the inputs to that function should be. A key challenge
in modeling dynamical systems is that the complete internal state vector is often unmeasurable.
Instead, we typically only have access to a time series of a limited number of scalar outputs.
This raises the question of how to reconstruct the system's underlying dynamics from this partial
information.

The theoretical foundation for this problem is provided by Takens' Embedding Theorem
(Takens, 1981), which was later extended to non-autonomous, or 'forced,' systems (Stark et al.,
1997). This extension establishes that a system's state space can, in principle, be reconstructed
from a history of not only the observed outputs but also the exogenous inputs. This directly
informs the functional form of a Nonlinear Autoregressive with eXogenous inputs (NARX)
model (Petré, 2025).

The choice of a NARX-like structure is also consistent with key principles from system
identification theory for building reliable predictors (Ljung, 1999). The structure meets several
important criteria: it is causal, as it predicts the future output y(t) using only past data; it uses
only measured quantities (past inputs and outputs) as regressors, a standard practice that avoids
the complexities of models that rely on estimated errors, such as NARMAX; and it supports the
development of a stable predictor, a formal requirement for any valid model structure. These
principles of causality and stability are practical prerequisites for any model intended for use
within a control framework like MPC.

However, it is critical to interpret this theoretical result with caution. The theorem demonstrates
the possibility of state reconstruction, but it does not guarantee that a neural network trained by
simply minimizing a standard loss function will actually converge to a faithful representation of
the true system dynamics. Instead, the engineering hope is that by structuring the model's input
as a time-delay embedding (a history of past inputs and outputs), we are biasing the optimization
process. The expectation is that this structure guides the network to learn a useful and stable
approximation of the underlying dynamics, even without a formal guarantee of convergence to
the true attractor.

The theoretical possibility of state reconstruction has inspired different data-driven modeling
strategies. One ambitious direction seeks to make both the transformation and the underlying
dynamics explicit. For instance, the work of Bakarji et al. (2023) uses a deep autoencoder not
only to reconstruct the signal but also to explicitly discover a latent coordinate system where the
system's dynamics can be described by a simple, sparse set of differential equations. This
represents a direct attempt to find the "governing equations" from partial data. In contrast, the
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approach taken in this thesis does not aim to explicitly identify such a coordinate system or its
governing laws. Instead, it relies on a more implicit application of the embedding principle. The
objective is to train a predictive model (an LSTM network) that learns a functional, black-box
representation of the dynamics directly from the time-delay embedding of inputs and outputs.
The goal is not to uncover the underlying attractor, but rather to create a sufficiently accurate
input-output model that can be effectively used for the engineering task of model predictive
control.

Taken together, these principles form a cohesive theoretical foundation for the modeling
approach in this thesis. System Identification validates the data-driven methodology. The
Universal Approximation Theorem affirms that a neural network has the necessary flexibility.
Finally, the extension of Takens' Embedding Theorem provides a strong justification for the
chosen NARX architecture, suggesting it is a sound approach for attempting to model the
system's behavior from its input-output history for a specific engineering purpose, without
claiming to uncover the fundamental governing laws of the system.

It is essential to clarify the "black-box" nature of the data-driven approach as applied in this
work. This term refers specifically to the model's internal representation; the weights and biases
of the neural network form a complex mathematical structure that is not directly interpretable
in terms of physical or biochemical process parameters. However, this does not imply that the
internal workings of the AD process should be ignored, nor does it preclude the integration of
other available online measurements into the model if they were available. The central argument
of this thesis is not to dismiss process knowledge, but to demonstrate that a predictive model
built upon a carefully selected, minimal set of input-output variables can be sufficient for the
engineering task of effective process control. The focus is on functional sufficiency for control,
rather than a comprehensive mechanistic description.

2.3 Process Control Strategies

Achieving stable and efficient operation of complex processes like anaerobic digestion requires
robust control strategies. These methods range from classical feedback controllers to advanced
model-based techniques. This section provides an overview of the key control methodologies
relevant to this work.

2.3.1 Model Predictive Control (MPC)

Model Predictive Control (MPC) is an advanced optimal control method that uses a dynamic
model of a process to compute control actions by optimizing its future behavior (Camacho &
Bordons, 2004). Its ability to handle multivariable systems, non-linear dynamics, and
operational constraints makes it a suitable strategy for complex processes such as anaerobic
digestion.
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Figure 7: Conceptual illustration of the Receding Horizon Control principle. At each time step k, the controller predicts the
system's future evolution (purple line) over a prediction horizon N,, by calculating an optimal sequence of future control

actions (light blue steps) over a control horizon N, to follow a reference trajectory (green dashed line).

The algorithm is based on a strategy known as Receding Horizon Control (RHC). At each
sampling time k, the following sequence is executed:

1.

Prediction: A dynamic model, in this case the LSTM network, is used to predict the
future process outputs, Yy, over a defined prediction horizon of N, steps. This
prediction is based on the current state of the system and a proposed sequence of future
control actions.

Optimization: An open-loop optimal control problem is solved to find the best sequence
of future control actions. This sequence, denoted by the vector U =
{uk| Ko o Ukt No—1] k}, is the one that minimizes the following cost function, J;, over a

control horizon of N, steps:
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HLl,in Jk = z Wy(yk+i|k — Vrefi+i) + z Wu(Auk+i|k) (15)
i=1 i=0

The optimization is performed subject to hard constraints on both the magnitude of the
manipulated variable (u) and its rate of change (Au):

® Upin = uk+i|k < Umax

* Aumin = Auk+i|k = Aumax
For the mono-digestion studies (AM2 and ADM1), the rate of change was limited to
20% per step. In the multi-input ACoD case, this constraint was tightened to 10% of the
total influent flow rate to promote greater process stability.

3. Implementation: The open-loop solution is then implemented in a closed-loop fashion.
Only the first control action of the optimal sequence, uy, is applied to the plant. At the
next sampling instant, k + 1, new process measurements are taken, the prediction
horizon shifts forward, and the optimization is solved again. This receding horizon
strategy provides feedback, allowing the controller to correct for model-plant mismatch
and unmeasured disturbances.

The cost function balances two competing objectives through its quadratic terms. The first term
penalizes the predicted tracking error between the output y and the reference y,..r, while the

second penalizes control effort, represented by the change in control action, Au. The non-
negative weighting factors, wy, and w,,, are tuned to adjust the priority between these objectives.

2.3.2 Reinforcement Learning (RL) Control

Reinforcement Learning (RL) is a distinct machine learning paradigm where an agent learns to
take actions within an environment to maximize a cumulative reward (Sutton & Barto, 2018).
Unlike supervised learning, the agent is not told which actions to take; instead, it must discover
which actions yield the most reward through trial and error. This learning process is formalized
as a Markov Decision Process (MDP).

A key distinction within RL is between model-based and model-free approaches. This study
focuses specifically on the model-free paradigm, where an agent learns a control policy directly
through interaction with its environment, guided by reward signals, without requiring an explicit
process model. This makes it a compelling alternative to model-based strategies like MPC, as it
circumvents the need for a separate system identification step.

The agent-environment interaction loop is conceptually illustrated in Figure 8. At each time step,
the agent observes the environment's state, selects an action based on its policy, and receives a
reward and the new state from the environment in return.
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Figure 8: The agent-environment interaction loop in Reinforcement Learning. The cycle consists of four sequential steps: (1)
The agent observes the current state of the environment, S;. (2) Based on this state, the agent's policy, m(als), selects an
action, Aq. (3) The environment receives the action and transitions to a new state, Sy, 1, providing a reward signal, Ry, 4, as
feedback. (4) The agent observes the new state, and the cycle repeats.

The core elements of the RL framework are:
e The Agent: The learner and decision-maker.
e The Environment: Everything outside the agent with which it interacts.
o The State (S;): A representation of the environment at a given time step t.

e The Action (4;): A choice made by the agent from a set of available actions.

e The Reward (R;,1): A scalar feedback signal received from the environment after
taking an action, which indicates the immediate desirability of that action.

The agent's objective is to learn a policy (1), which is a mapping from states to actions, that
maximizes the expected return (G;), defined as the cumulative sum of future discounted rewards:

Ge= ) ¥Rk (16)

where y € [0,1] is the discount factor.

To achieve this goal, RL methods can be broadly categorized into two main families. Value-
based methods, like Q-learning, focus on learning an optimal action-value function and then
derive a policy from it. In contrast, policy-based methods directly learn a parameterized policy
without needing a value function to select actions. This approach is particularly advantageous
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in continuous action spaces, where finding the maximizing action for a value function can be
computationally expensive.

The methods used in this thesis belong to the Policy Gradient family. Their core idea is to adjust
policy parameters, 8, by performing stochastic gradient ascent on the expected return.
Estimating the gradient of the policy's performance is a key challenge in this approach, which
is a challenge that is addressed by Actor-Critic architectures.

In an actor-critic architecture, two components are learned simultaneously:
e The Actor: This is the policy, gy (als), which is responsible for selecting actions.

e The Critic: This is a value function, typically an action-value function g, (s, a), which
estimates the value of the actions taken by the actor.

The learning process is driven by the interaction between these two components. When the actor
takes an action, the critic evaluates it by computing a Temporal-Difference (TD) error. This error
signal is then used to update both the critic's parameters, w,., for better value estimates, and the
actor's parameters, 6, to favor actions leading to better-than-expected outcomes. The specific
algorithms evaluated in this work, such as DDPG, TD3, and SAC, are all advanced instances of
this actor-critic framework.

2.4 Hyperparameter Optimization

The performance of complex models and controllers is highly sensitive to their hyperparameters.
As manual tuning is often impractical for computationally intensive systems, a systematic
approach is required.

For this task, Bayesian Optimization was selected. It is an efficient, model-based search
algorithm designed to find the optimal set of hyperparameters with a minimal number of
evaluations (Mockus J.B & Mockus L.J, 1991). The algorithm operates by building a statistical
model of an objective function (e.g., controller tracking error) and uses this model to
intelligently select the most promising parameters for the next iteration.

This methodology was implemented using the bayesopt function from the MATLAB Statistics
and Machine Learning Toolbox™ (MathWorks, 2025) which provides a robust and
straightforward workflow for defining the hyperparameter search space and running the
optimization. In this thesis, Bayesian Optimization was used to systematically tune the cost
function weights for the multi-input MPC controller and to find the optimal hyperparameters
for the Reinforcement Learning agents This was done to ensure each strategy was configured
with a high-performing set of parameters.
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3 Materials and Methods

This chapter details the methodology for the foundational study presented in Chapter 4, covering
the simulation environment, data generation, model and controller development, and
performance evaluation metrics.

3.1 Simulation Environment

To rigorously develop and evaluate the data-driven control strategy, the anaerobic digestion
(AD) process was emulated using two established mechanistic models of varying complexity.
Serving as virtual "plants," these models provided a controlled and repeatable environment to
generate dynamic data and test the performance of the predictive models and controllers under
diverse and challenging conditions. The use of simulators is integral to this study, as it enables
the exploration of operating scenarios that would be impractical or unsafe on a physical plant.

The two models chosen for this study were:

e The Anaerobic Model No. 2 (AM2): A simplified, control-oriented model used as the
first process emulator (see Section 2.1.1). For this study, it was parameterized to
represent the digestion of a readily biodegradable substrate. The simulated system was
operated near its stability limit, which, for this parameterization, contains a sharp non-
linearity at the washout threshold. While this region presents a modeling challenge for
the data-driven predictor, the subsequent control task was designed to operate primarily
within the process's more stable, quasi-linear range.

e The Anaerobic Digestion Model No. 1 (ADM1): A comprehensive, high-fidelity model
used as the second process emulator (see Section 2.1.2). The ADM1 implementation was
adapted from the generalized framework for co-digestion developed by Garcia-Gen et
al. (2013). The original model, built in MATLAB/Simulink, was modified for this work
to operate purely as a MATLAB script, removing the Simulink dependency. This
structure was used to simulate mono-digestion of municipal sewage sludge, using the
parameters reported in Garcia-Gen & Wouwer (2021), and multi-substrate co-digestion
scenarios. Its complexity, with numerous states and interacting biochemical pathways,
provided a more challenging environment to test the performance of the data-driven
control strategy.

By testing the approach against both a simplified and a complex emulator, this study aims to
validate the effectiveness of the data-driven strategy across different levels of process
representation.

All simulations and modeling were conducted within the MATLAB environment. The
development of neural network architectures (LSTM, GRU, Attention) utilized the Deep
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Learning Toolbox™, while the Reinforcement Learning (RL) study used the Reinforcement
Learning Toolbox™,

Computationally intensive tasks were performed on a high-performance workstation equipped
with an AMD Threadripper 2950X CPU, 64 GB of RAM, and an NVIDIA RTX 2070 GPU.
These tasks included the final, single-worker training of the RL agents, as well as processes
accelerated by the Parallel Computing Toolbox™. The toolbox was specifically employed to:

e Run the Bayesian Optimization searches in parallel for both MPC controller tuning and
RL hyperparameter discovery.

e Train replicate networks concurrently for the data quantity analysis.

Less demanding tasks, such as individual model training and the closed-loop control
simulations, were conducted on a laptop with an AMD Ryzen 5600H CPU, 32 GB of RAM, and
an NVIDIA RTX 3060 Laptop GPU.

3.2 Data Generation and Experimental Design

Training and validating the data-driven models required informative datasets that capture the
process's dynamic behavior. Data was generated by simulating the response of each plant
emulator (AM2 and ADMI1) to a series of deliberate perturbations in their respective
manipulated variables. The full datasets for the training (Dataset 1) and testing (Dataset 2)
simulations of the AM2 model are detailed in Appendix A.

For the AM2 emulator, training data was generated by applying 6 step changes to the dilution
rate (D) near washout. Each step lasted approximately 4.5 days, with data recorded at a sampling
rate of about 1.75 hours.

For the more complex ADM1 emulator, training data was generated by applying 10 step changes
to the inlet flow rate (Q;,) across a wide operational range. Each step was maintained for
approximately 14 days, with a sampling rate of 6 hours.

In all simulation scenarios, multiple sources of noise were introduced to increase the realism of
the dataset. First, to represent natural variability in the influent, an AutoRegressive process of
order 1 (AR(1)) was applied to the substrate composition. This process was defined by an
autocorrelation coefficient of ¢ = 0.95 and a white noise standard deviation (o) set to 1.0% for
AM2, 2.5% for ADM1, and 1.5% for ACoD. The dynamic impact of these stochastic influent
variations is illustrated in Figure 9 and Figure 10. Second, to simulate sensor measurement
uncertainty, Gaussian white noise was added directly to the methane flow rate output, with a
standard deviation corresponding to 5% of the variable's operational range.

It is important to clarify how the different operational ranges were defined. First, a range for the
manipulated variable (e.g., dilution rate) was established, and the training data was generated
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by applying random step changes within these limits. The minimum and maximum values of
the methane flow rate that resulted from this simulation defined the range used for all subsequent
calculations. Specifically, this range from the training data was the sole basis for the min-max
normalization parameters, which scaled the data to a range of [0, 1], and for defining all relative
values, such as noise levels and controller constraints, to prevent any data leakage. For the
control evaluation tasks, the setpoints were selected based on the known steady-state production
curve calculated from each process model. This range was typically narrower than the one
observed during the dynamic training simulation, as the stochastic disturbances could
occasionally push the output beyond its theoretical steady-state limits.

Dynamic Fluctuations at D = 0.34 (d'1) (Framed by Operating Envelope)
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Figure 9: Example of dynamic fluctuations in methane flow rate (qy) at a constant dilution rate (D = 0.34 d™) due to
stochastic variations in the influent composition.
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Dynamic Fluctuations at qnf =0.052 (L h'1) (Framed by Operating Envelope)
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Figure 10: Example of dynamic fluctuations in methane flow rate (Qcy,) for the ADM1 model at a constant influent flow rate
due to stochastic variations in the influent.

3.3 Development of the Data-Driven Control System

The control strategy integrates a data-driven LSTM predictor within an MPC framework. The
specifics of each component are detailed below.

3.3.1 LSTM Predictor

The configuration of the LSTM predictor was guided by a sensitivity analysis performed in the
author's undergraduate work (Pino Santana, 2025). That study systematically explored how
various hyperparameters influence prediction accuracy in a simpler nonlinear system, providing
the guidelines that informed the architectural decisions in this thesis. This allowed the research
to focus directly on the control application.

Specifically, that undergraduate research explored the effect of data quantity, observing a pattern
of diminishing returns where the model's performance stabilized after approximately 6 to 8
dynamic perturbations. This finding was key to designing an efficient data generation campaign.
The analysis also highlighted the importance of the sampling rate and the size of the historical
data window. It was determined that a sampling rate that was too high could degrade long-term
forecasting by reducing the effective time window, while a moderate rate, combined with a
sufficient window of past data (e.g., size 10), offered a better balance for capturing the system's
dynamics without overfitting to noise. Finally, the study showed that high network complexity
was not necessary; a single LSTM layer with a modest number of hidden units (between 15 and
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20) was sufficient to model complex dynamics without introducing unnecessary computational
load or instability.

Adopting these findings, the predictor model was designed to reconstruct the system's future
behavior from a history of its inputs and outputs. Specifically, the model forecasts the next
output, y;, using a "window" of w past values as its input. This window contains the history of
both the process output (methane flow rate, y) and the manipulated variable (u).

This functional relationship is represented by the following general equation:

yt = f({ut—lr"'rut—w}' {yt—ll"wyt—w}) (17)

This structure, which uses past outputs (the Autoregressive component) and past external inputs
(the eXogenous inputs component) to predict the future, is formally known in system
identification literature as a NARX (Nonlinear Autoregressive with eXogenous inputs) model.

The predictor can operate in two forecasting modes. The first, one-step-ahead prediction, uses
the measured process history up to time ¢ to predict the output at ¢ + 1, evaluating the model's
immediate accuracy. The second, more challenging mode is multi-step-ahead prediction. Here,
the model iteratively uses its own predictions as inputs to forecast further into the future. This
method is crucial for testing the model's long-term stability and its ability to generate the future
trajectories required by the MPC.

The nonlinear mapping function f(-) is approximated by a neural network constructed with a
single LSTM layer. An LSTM approximates this function by processing the input sequence step-
by-step. At each point t within the historical window, the network cell updates its two internal
states, the cell state (c,;) and the hidden state (h;), based on the previous states and the current
inputs from the sequence:

[he, ce] = LSTMoperation (V-1 Ue—1, Pe—1,Ce—1) (18)

The final prediction is then generated from the final hidden state, h;, after the entire window
has been processed. This is accomplished through an affine transformation performed by a final
fully connected layer:

9 = g(hy) (19)
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Figure 11: Unrolled representation of the LSTM layer implementing the NARX structure. The model processes a window of
past manipulated variables (u) and process outputs (y) to predict the next output, .

An independent predictor was trained for each of the process emulators:

e For the AM2 model, the network used a window size (w) of 10 past data points and
contained 15 hidden units in its LSTM layer.

e For the ADM1 model, a window size of 10 and 20 hidden units were used.

A key design choice was the model's stateless implementation, which directly aligns with the
NARX framework established in the theoretical justification. In this configuration, the network's
internal states (cell state ¢; and hidden state h;) are reset to zero before processing each new
input window. Consequently, memory is maintained only within this fixed-size window,
ensuring that each prediction is based solely on the temporal patterns derived from that specific
historical sequence.

The network was trained using the L-BFGS optimizer, which operates in full-batch mode, for a
maximum of 1000 epochs, with convergence defined by a gradient and step tolerance of 107,
To prevent overfitting, two strategies were employed: an L2 regularization factor of 10 was
applied, and an early stopping criterion was implemented. The validation loss was monitored
every 5 epochs, and training would halt if no improvement occurred over a patience of 20
checks. The final model selected was the one corresponding to the epoch with the lowest
validation loss. The gradient threshold was disabled. The training data was the sole basis for
determining the min-max normalization parameters used to scale all data to the range [0, 1], a
practice that ensured no information from the validation or test sets could leak into the training
process.
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3.3.2 NMPC Controller

The control strategy implements the Model Predictive Control (MPC) scheme detailed in
Section 2.3.1, utilizing the data-driven Long Short-Term Memory (LSTM) network as its
internal predictive model. The overall closed-loop architecture, depicted in Figure 12, consists
of three main components:

L

Yref.k Uk |k
—ref MPC _Pl Plant - >
Controller
[ R R & B N &R N N &R _§ N N B _§_ N _§ § N _§R_§_ &8 &R _§R_§N N _§_§_ N §N_§N . 1
: Cost :
i C traint
: Reference Function Constraints I Control
Reference | Sequence ‘ ‘ Optimal Sequence : Action
Vref k : Vref k+ilk o Uopt k+ilk I Ugk
7 » Optimizer (=0
I Future  pemmp ) 1
| Predicted Candidate 1
I Sequence Sequence :
b Perieae L LSTM 0 Uik ]
1 Predictor I
1
1 * Historical :
| Ug_q===p TDL Information I
| . |
L 4

-1 Feedback
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Figure 12: Schematic of the proposed LSTM-MPC strategy, illustrating the flow of information at a discrete time step k.

e The Plant: Represents the AD process, emulated by the AM2 and ADM1 models.

e The LSTM Predictor: The data-driven model described in the previous section, used
to forecast the plant's future output.

e The NMPC Controller: The core decision-making component, which uses the LSTM's
predictions to solve an online optimization problem.

The controller's practical operation hinges on a precise flow of information at each sampling
instant, k. It is fundamental to clarify the temporal relationship between measurement and
action: the control action calculated at step k, denoted uy,, does not affect the measurement .

Instead, yy, is the measured outcome of the previous action, u_;.
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At the start of each cycle, the controller receives the measurement y,,. This signal, along with
the stored history of past control actions (ending with u,_;), is processed by the TDL block
shown in Figure 12 to construct the full historical window that serves as context for the
prediction. This real-time information anchors the predictive simulation. A key aspect of this
implementation is how the LSTM predictor is utilized: to forecast the first future state, Yy 41|k,
the model uses the real measurement y, alongside the first hypothetical action wy, from the
optimizer's candidate sequence. All subsequent predictions within the horizon (e.g., i 42x) are
made recursively, using the model's own previous predictions as input. This "what-if" simulation
allows the optimizer to evaluate the consequences of its potential decisions based on the most
current and accurate information from the plant.

The controller tuning focused on the input weight (w,), which balances the competing
objectives of tracking accuracy and control effort. This parameter was selected for each emulator
through a dedicated sensitivity analysis. Other controller parameters were held constant, with
the prediction (N, ) and control (N,) horizons set to 20 steps and the output weight (w,,) set to a
value of 1.

The non-linear MPC schemes were implemented using the fmincon solver from MATLAB's
Optimization Toolbox™, configured with the Sequential Quadratic Programming (SQP)
algorithm. To ensure the optimizer could converge to a solution within a practical timeframe at
each step, a maximum of 50 iterations was set to limit the search duration, while the tolerances
for optimality, step size, and constraints were all defined as 10 to establish the stopping criteria.
For the linear ARX-MPC, the more computationally efficient quadprog solver was used.

3.4 Evaluation Metrics

The performance of the predictive models was assessed using a set of standard statistical
metrics. These metrics served both to guide the training process and to evaluate the final model
accuracy on unseen data.

e Mean Squared Error (MSE): Used as the loss function during training. For N
observations, it is defined as: MSE = % M@ - 37(t))2

Minimizing the MSE is a standard approach in regression problems, as it penalizes larger
errors more heavily.

e Root Mean Squared Error (RMSE): The primary metric for evaluating prediction
accuracy, especially for multi-step-ahead forecasts. It is the square root of the MSE.

RMSE = |25, (/(0) - 90
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Mean Absolute Error (MAE): The MAE was also used as a complementary benchmark
metric. It measures the average of the absolute errors and is less sensitive to large outliers

compared to MSE and RMSE. MAE = =YL, |y () — (2|

Mean Absolute Percentage Error (MAPE): This metric expresses the mean absolute

error as a percentage of the actual values, providing a relative measure of error that is

independent of the data's scale. MAPE = 1013% N |y (t;(_g(t)

Normalized Root Mean Squared Error (NRMSE): This metric normalizes the RMSE

by the mean of the observed data, which facilitates the comparison of model
RMSE

performance across datasets with different scales. NRMSE =
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4 Predictive Control of Anaerobic Mono-digestion

This chapter details the initial evaluation of the data-driven Nonlinear Model Predictive Control
(NMPC) strategy, which utilizes a Long Short-Term Memory (LSTM) network as its internal
predictive model. The analysis is conducted within a simulated environment where the
anaerobic mono-digestion process is represented by two established mechanistic models of
increasing complexity: the simplified AM2 and the comprehensive ADM1. These models serve
as process emulators to test the framework’s performance progressively. The evaluation begins
with the AM2 emulator. In the configuration used for this study, this model is characterized by
a wide, quasi-linear operating range followed by a sharp non-linearity near its washout
threshold. The data-driven predictor is evaluated across this range, while the subsequent control
task is designed to operate primarily within the model's more stable region. Subsequently, the
framework is applied to the high-fidelity ADM1 emulator to evaluate its performance against a
more complex process representation.

Part I: Analysis for the AM2 Emulator
4.1 Predictor Development and Performance

The initial evaluation of the data-driven approach consisted of developing a predictive model
for the AM2 emulator. Following the methodology described in Chapter 3, an LSTM network
was trained on a dataset generated from the AM2 simulation. The process was deliberately
operated in its highly non-linear region to test the network's learning capabilities.

The training progress, illustrated in Figure 13, shows a rapid decrease in Mean Squared Error
(MSE) for both the training and validation sets before converging to a low, stable value. The
convergence of both curves to a low, stable value suggests that the network learned the process
dynamics from the training data without significant overfitting.

100 ‘ . Mgdel Tralnl‘ng Progr‘ess
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Figure 13: Training and validation loss curves for the LSTM predictor developed for the AM2 emulator:

To evaluate the predictor's long-range accuracy, the growth of the prediction error over an
extended forecast horizon was analyzed (Figure 14). While the Root Mean Squared Error
(RMSE) increases with the horizon's length, the error stabilizes and remains bounded, indicating
that the model's predictions do not diverge over the tested horizon. This can be considered a
favorable characteristic for a model intended for use in predictive control.

2 Forecast Skill: Relative RMSE (%) vs. Horizon for Methane Flow Rate
T T T T T T T T T

Relative RMSE (%)

I | L | | I | | L
5 10 15 20 25 30 35 40 45 50
Prediction Horizon (Steps Ahead)

Figure 14: Multi-step prediction error (RMSE) as a function of the prediction horizon for the AM2 predictor.

Finally, the predictor's performance on unseen test data was evaluated in different forecasting
modes (Figure 15). The one-step-ahead predictions closely track the ground truth, demonstrating
high accuracy. The segmented multi-step prediction, which simulates the predictor's function
within the MPC's receding horizon, also generates reliable short-term forecasts. Notably, the
multi-step forecast provides a smoothed version of the process dynamics by effectively filtering
out stochastic noise and capturing the underlying deterministic behavior. This provides a stable
basis for the controller's optimization step.
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Figure 15: Test performance showing combined one-step and segmented multi-step predictions for the AM2 predictor:

Beyond its dynamic capabilities, a critical test is whether the LSTM model learned the process's
fundamental steady-state behavior. Figure 16 compares the steady-state methane flow predicted
by the LSTM against the true curve of the AM2 model. The analysis shows that while the model
accurately captures the process's quasi-linear behavior, it fails to represent the sharp non-
linearity near the washout threshold. In this critical region, the LSTM model over-predicts the
achievable methane production, incorrectly suggesting process stability at dilution rates where
the system would, in reality, collapse. This model-plant mismatch represents a significant
limitation and a potential operational risk. For instance, if the MPC controller, relying on this
inaccurate model, were tasked with reaching a setpoint beyond the stable peak (e.g., 76 mmol
L™ day™), its predictions would be overly optimistic, and it could inadvertently steer the real
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process toward washout. This finding is fundamental for the correct interpretation of the
upcoming closed-loop results.
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Figure 16: Comparison of the true steady-state methane flow of the AM2 model versus the equilibrium predicted by the
trained LSTM networtk.

4.2 NMPC Controller Tuning

Following the evaluation of the predictive model, the NMPC's control effort weight (w,,) was
tuned. This parameter, which penalizes changes in the manipulated variable, governs the trade-
off between precise setpoint tracking and the smoothness of the control action. To determine an
effective value for the AM2 emulator, a sensitivity analysis was conducted by performing a
series of closed-loop simulations across a range of w,, values. As shown in Figure 17, the
analysis revealed a clear minimum in the tracking RMSE at w,, = 10*.. Consequently, this value
was selected for the final closed-loop performance evaluation.
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Figure 17: NMPC tuning analysis for the AM2 emulator; illustrating the trade-off between tracking error (RMSE) and control
action variance as a function of the control effort weight (w,). The analysis was performed at a fixed setpoint at 95% of the
range.

4.3 Closed-Loop Control Results

With the predictor assessed and the controller tuned, the integrated LSTM-NMPC system was
tested in a closed-loop simulation, tracking a series of step changes in the methane flow rate
setpoint (Figure 18). The controller tracks the setpoints, reaching the new reference values with
a short transient period. The control action (dilution rate, D) adjusts to meet the performance
objectives while respecting operational constraints. Minor oscillations are present, particularly
after setpoint changes, but remain bounded. The controller maintains stability and demonstrates
robustness against the unmeasured stochastic disturbances present in the simulation.
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Figure 18: Closed-loop performance of the LSTM-NMPC on the AM?2 emulator, showing setpoint tracking (top) and the
corresponding control action (bottom).

4.4 Discussion of the AM?2 Case

Having presented the open-loop performance of the predictive model and the closed-loop results
of the controller, this section provides a critical discussion of the findings for the AM2 case. The
objective is to interpret the controller's performance in the context of the identified model
limitations and to draw initial conclusions about the framework's viability.

The closed-loop results indicate that the controller achieved accurate setpoint tracking, which
supports the viability of the LSTM-NMPC strategy. However, this performance must be
interpreted in the context of the model-plant mismatch identified near the washout threshold.
The controller's effectiveness was contingent on the selected setpoints residing within the quasi-
linear region where the LSTM predictor is accurate. Had a setpoint been chosen beyond the
stable peak (e.g., 76 mmol L' day '), where the model's predictions are unreliable, the controller
would likely have failed. Consequently, the control task was one of setpoint tracking within a
known stable range, not washout avoidance. These results support the approach for this specific
objective, while underscoring the importance of characterizing a data-driven model's domain of
validity prior to its deployment.
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The initial evaluation on the simplified AM2 model supported the framework's feasibility for
setpoint tracking within a well-defined operating region. The next logical step, therefore, is to
assess the methodology's robustness when applied to a more complex and high-fidelity process

representation. This following section details the application of the same data-driven framework
to the comprehensive ADM1 emulator.

Part I1: Analysis for the ADM1 Emulator
4.5 Predictor Development and Performance

To assess the methodology's robustness, the same development process was applied to the high-
fidelity ADM1 emulator, which involved training a separate LSTM network. The training
progress for this predictor is shown in Figure 19. Similar to the AM2 case, the MSE for both

training and validation sets decreases rapidly and converges, which suggests a properly
converged training process without overfitting.
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Figure 19: Training and validation loss curves for the LSTM predictor developed for the ADM1 emulator:

The long-range accuracy of the ADM1 predictor was also evaluated (Figure 20). The RMSE of
the multi-step forecast increases with the prediction horizon but remains bounded. This

observation of a bounded error is consistent with the results from the simpler AM2 emulator,
suggesting the behavior is not exclusive to that specific model.
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Figure 20: Multi-step prediction error (RMSE) as a function of the prediction horizon for the ADMI predictor.
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The evaluation of forecasting modes on unseen test data (Figure 21) further confirmed the
predictor's reliability. Both one-step-ahead and segmented multi-step predictions align well with
the ground truth. As with the AM2 case, the multi-step forecast learns a smoothed version of the
process dynamics, capturing the underlying deterministic trend while filtering out stochastic
noise. This result supports the model's suitability for the more complex ADM1 environment.

Test Set Performance: One-Step vs. Multi-Step Forecast: Methane Flow Rate
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Figure 21: Test performance showing combined one-step and segmented multi-step predictions for the ADMI predictor.

As a final assessment of the predictor's generalization capability, its representation of the
ADMI's steady-state behavior was analyzed. Figure 22 compares the equilibrium methane flow
predicted by the LSTM against the true equilibrium curve of the model. The data-driven model's
prediction shows a close alignment with the true equilibrium across the entire operating range.
This suggests that the LSTM network, trained exclusively on dynamic data, learned the
complex, non-linear static mapping of the high-fidelity ADM1, which supports its suitability as
a predictive model for control.
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Figure 22: Comparison of the true steady-state methane flow of the ADM1 model versus the equilibrium predicted by the
trained LSTM networtk.
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4.6 NMPC Controller Tuning

The NMPC controller for the ADM1 emulator was also tuned by adjusting the control effort
weight (w,,). Figure 23 illustrates the characteristic trade-off between tracking accuracy (RMSE)
and control action variance. Unlike the AM2 case, there is no distinct minimum for the tracking
error. A value of w,, = 25 was selected as a good compromise, as it significantly reduces control
action variance while keeping the tracking error close to its minimum. This tuned parameter was
used for the closed-loop evaluation.
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Figure 23: MPC tuning analysis for the ADM1 emulator, showing the trade-off between Tracking Error (RMSE) and Control
Action Variance as a function of the Control Effort Weight (w,,). The analysis was performed at a fixed setpoint at 90% of the
range.

A broader observation emerges from the tuning processes for both the AM2 (Figure 17) and
ADMI1 (Figure 23) emulators. The optimal control effort weight (w,,) differs significantly
between the two cases (10* for AM2, 25 for ADM1). This discrepancy can likely be attributed
to the terms in the cost function, the squared tracking error and the squared change in the control
action, having different orders of magnitude, which are specific to each process's dynamics and
operational range. Consequently, the tuning process becomes a non-intuitive search to find a
weight that properly balances these scaled contributions.
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This suggests a key methodological takeaway: for future implementations, the tuning process
could be significantly streamlined by ensuring the terms in the cost function are of a comparable
scale. This can be achieved through two equivalent strategies. One option is to adjust the
weighting factors to be inversely proportional to the square of the typical scale of their
corresponding variables, which directly balances the quadratic terms in the cost function. A
second, more systematic approach is to normalize the process variables before they enter the
cost function. Scaling both the output error and the control action to a common range (e.g., [0,1])
would place both terms on a comparable footing, making the selection of weighting factors more
direct and less dependent on the specific scales of the process variables.

4.7 Closed-Loop Performance

The closed-loop performance of the LSTM-NMPC on the ADM1 emulator is presented in
Figure 24. The controller tracks the setpoints, exhibiting a slower response that reflects the more
sluggish dynamics of this high-fidelity process model. The control action (influent flow rate,
Qi) 1s smoother and less aggressive than in the AM2 case, which is consistent with controlling
a slower system. As shown in the figure, some oscillations persist which the controller cannot
completely eliminate. Despite this, the controller maintains process stability and keeps the
output close to the desired setpoint, compensating for disturbances. These results support the
applicability of the approach to a more realistic process representation.

It is noted that while the controller maintains stability and steers the process towards the setpoint,
some oscillations persist. This behavior can be attributed to the nature of the data-driven
predictive model. As shown in the open-loop tests (Figure 21), the LSTM network learns to
predict the underlying deterministic trend of the process, effectively filtering the high-frequency
stochastic noise present in the training data. Consequently, the NMPC optimizes its control
actions based on these "clean," averaged predictions. However, the process emulator continues
to be affected by unmeasured random disturbances. This inherent model-plant mismatch
between the smoothed forecast and the noisy reality of the process requires the controller to
make continuous corrections, leading to the observed oscillations around the setpoint.
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Figure 24: Closed-loop performance of the LSTM-MPC on the ADM1 emulator, showing setpoint tracking (top) and the
corresponding control action (bottom).

Part I1I: General Discussion

4.8 Comparative Discussion and Feasibility

This final part of the chapter discusses the results obtained with the high-fidelity ADMI
emulator and synthesizes the findings from both the AM2 and ADM1 analyses. The aim is to
form a general conclusion regarding the feasibility and robustness of the proposed data-driven
control strategy based on the evidence presented.

The results from both emulators suggest the viability of the LSTM-NMPC framework for
controlling the simulated AD processes. The performance against both a simplified (AM2) and
a high-fidelity (ADM1) model indicates the robustness of this data-driven approach. The main
finding 1s that setpoint tracking was achieved using a model trained on a minimal set of online
data (methane flow rate and the manipulated variable). This suggests that while mechanistic
models are important for process understanding, they may not be a prerequisite for controller
design if data of sufficient quantity and quality is available.
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4.8.1 Effect of Data Quantity

An analysis of the relationship between the amount of training data and predictor accuracy
indicates a pattern of diminishing returns for both emulated processes. As shown in Figure 25
and Figure 26, the prediction error for both the AM2 and ADMI predictors improves
significantly as the number of perturbations in the training set increases from two to about six.
Beyond this point, adding more data offers only marginal gains, as the performance curves begin
to plateau. This trend, observed for both the simpler and the more complex system, suggests that
the informational value of the initial, well-designed perturbations is a key factor in model
performance. For the cases studied here, a training set with 6-8 dynamic events represented a
reasonable compromise between data acquisition effort and model accuracy.

This observation, however, should be viewed within a practical context. While it highlights the
importance of experimental design, it also brings to light a key challenge for real-world
application. The "well-designed" perturbations used to generate this informative data were large
step changes. Such maneuvers, while effective in simulation, might not be practical for a
physical plant, where operational stability is a priority. Additionally, the process's slow dynamics
mean that even an experimental campaign with a limited number of perturbations would still
require a considerable amount of time to execute, as each step must be held long enough for the
system to show its full dynamic response.
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Figure 25: Effect of training data size on the n-step ahead prediction RMSE for the AM2 emulator.
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Figure 26. Effect of training data size on the n-step ahead prediction RMSE for the ADM1 emulator:

4.8.2 Computational Feasibility

A critical aspect for real-world applicability is computational demand. As shown in Figure 27,
the average computation time per MPC step was on the order of seconds (1.60s for AM2 and
4.38s for ADM1). This is several orders of magnitude smaller than the process sampling interval,
indicating that the proposed LSTM-NMPC approach is computationally feasible and well-suited
for real-time implementation. The study thus suggests that the LSTM-NMPC strategy is a
robust, efficient, and practical method for the control of the simulated anaerobic digestion
processes considered here.
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Figure 27: Computation time per control step for the LSTM-NMPC strategy applied to the (a) AM2 and (b) ADM1 emulators.
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5 Comparative Analysis and Benchmarking

After establishing that the LSTM-NMPC framework is a viable approach in the previous
chapter, the next step is to contextualize its performance through a benchmark analysis. This
chapter evaluates the framework against five alternative control strategies. All controllers were
subjected to an identical setpoint tracking task, including the same sequence of setpoint changes
and unmeasured stochastic disturbances, to ensure a direct comparison.

The alternative frameworks were selected to assess the proposed strategy from two perspectives:
the choice of the internal predictive model and the comparative performance against a classical
control method. The evaluated strategies include:

e Linear ARX-MPC: To establish a linear baseline and assess the need for a non-linear
approach.

o Feed-forward NARX-NMPC: To evaluate if a simpler, non-recurrent neural network
is sufficient to capture the process dynamics.

e  GRU-NMPC: To compare the LSTM against its main alternative within the family of
recurrent neural networks.

o Attention-based NMPC: To benchmark against a modern, non-recurrent architecture
also designed for sequential data.

e Proportional-Integral (PI) Controller: To quantify the performance difference relative
to a widely-used standard for industrial process control.

The following sections present the results of this comparative analysis.

5.1 Modelling with alternative Architectures

The analysis begins with an open-loop evaluation of the predictive models that serve as the
internal models for the MPC strategies. To this end, each of the four alternative data-driven
architectures (Linear ARX, NARX, GRU, and Attention) was trained on the same dataset as the
LSTM network to assess their respective predictive capabilities.

5.1.1 Dynamic Prediction Performance

The primary function of the internal model is to predict the process dynamics. As shown in
Figure 28, the one-step-ahead predictions for all five models closely follow the test data,
capturing the fast dynamics of the methane flow rate. In multi-step-ahead mode, the non-linear
models generate a smoothed forecast that captures the underlying trend while filtering the
stochastic noise.
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Figure 28: Comparison of one-step-ahead prediction performance for all five model architectures on the test set. All models
closely track the ground truth.

While one-step-ahead prediction is a useful metric, a model's utility within an MPC framework
is more dependent on its long-range forecast stability. The growth of the Root Mean Squared
Error (RMSE) over a 50-step prediction horizon is illustrated for each model (Figure 29). A clear
distinction emerges between the linear and nonlinear models. While the errors for all models
eventually stabilize, the ARX model's error converges to a significantly higher value (around
12%) compared to all nonlinear models, which plateau at a much lower error level (between 7-
8%). This suggests a diminished long-term predictive accuracy for the linear model. The fact
that this bounded error was present across different nonlinear architectures is noteworthy. It
suggests that the stable long-term prediction may be more attributable to the shared NARX-like
input structure (i.e., using a history of past inputs and outputs) than to a specific internal
processing mechanism, such as recurrence.
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Figure 29: Multi-step prediction error (RMSE) as a function of the prediction horizon. The error of the linear ARX model
diverges, while all nonlinear models remain stable.

5.1.2 Steady-State Behavior Representation

A critical assessment for a dynamic model is its ability to represent the underlying steady-state
behavior of the process. Figure 30 compares the equilibrium methane flow predicted by each
model against the true equilibrium curve of the ADM1 emulator. As expected, the linear ARX
model approximates the nonlinear process with a straight line, resulting in significant errors
across the operating range. In contrast, all four nonlinear models capture the curved shape of the
true equilibrium. This indicates that these data-driven structures, trained solely on dynamic data,
also learned the fundamental static characteristics of the high-fidelity process, which is an
important property for precise control.
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Figure 30: Comparison of the true steady-state methane flow of the ADM1 model versus the equilibrium predicted by the
trained models. All nonlinear models capture the curvature, while the linear ARX model fails.
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5.2 Control with Alternative Strategies

To benchmark the data-driven MPC's performance, a classical Proportional-Integral-Derivative
(PID) controller was designed and tuned for the same ADM1 process.

5.2.1 PID Controller Tuning

To benchmark the MPC strategies, a classical Proportional-Integral (PI) controller was tuned
using the Ziegler-Nichols step-response method. For this, a First-Order Plus Dead Time
(FOPDT) model was identified for each step change in the training dataset. An automated
filtering algorithm based on the Interquartile Range (IQR) was employed to exclude anomalous
step responses (e.g., Step #5, Appendix C) and ensure a robust parameter estimation. The final
PI parameters (K. = 0.24, T; = 96.48) were determined by averaging the values obtained from
the valid step responses, with individual model fits detailed in Appendix C.

5.2.2 Closed-Loop Performance Comparison

All six controllers (the five MPC variants and the PI controller) were evaluated on an identical
setpoint tracking task, subject to the same sequence of setpoint changes and unmeasured
stochastic disturbances. The comparative closed-loop performance is shown in Figure 31.
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Figure 31: Closed-loop performance comparison for the MPC controllers (using LSTM, GRU, Attention, NARX, and ARX
models) and the PID controller on the setpoint tracking task.
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While a visual inspection confirms that all strategies are capable of tracking the setpoint to some
degree, it also reveals some differences in their dynamic behavior. However, a definitive
assessment based solely on visual evidence is challenging, particularly for the best-performing
controllers whose trajectories overlap. This reinforces the need for a quantitative analysis to
accurately compare their performance.

5.3 Comparative Discussion

A quantitative summary of each control strategy's performance and computational demands is
provided in Table 2. The metrics have been normalized relative to the LSTM-NMPC controller
for direct comparison. The baseline performance of the LSTM-NMPC corresponds to an RMSE
0f 0.040 L/h, an MAE of 0.022 L/h, a mean computation time of 9.02 seconds per control action
and a median of 4.73 seconds.

Table 2: Performance and Computational Metrics for All Evaluated Controllers

Controller RMSE MAE Mean Time Median Time
LSTM-NMPC 1 1 1 1
GRU-NMPC 1.03 1.04 0.95 0.91
ATTN-NMPC 1.10 1.16 0.37 0.52
NARX-NMPC 1.54 1.43 0.41 0.53
ARX-MPC 1.18 1.36 3.0-10* 5.4-10*
PI 1.91 1.61 3.8-107 5.7-107

The data highlights a notable outcome in the case of the NARX-NMPC controller. It yielded a
tracking error 54% higher than the baseline, despite being based on the predictive model with
the lowest long-range error on the test set (Figure 29), This discrepancy suggests that a model's
open-loop predictive accuracy is not always a reliable indicator of its closed-loop performance.
The periods of oscillation evident in the controller's response (Figure 31) offer a potential
explanation: while the NARX model was accurate for specific test trajectories, its predictions
may have lacked robustness to the small deviations introduced by the feedback control loop.

In contrast, simpler strategies resulted in consistent, though less accurate, behaviors. The PI
controller had the highest tracking error (RMSE 1.91), a result consistent with the high-
frequency oscillations observed in its response. The linear ARX-MPC, while unable to capture
the process nonlinearity, proved more robust in closed-loop than its nonlinear NARX
counterpart (RMSE 1.18). Its predictable linear behavior, though leading to a persistent offset,
allowed the MPC to manage it more effectively.

The lowest tracking errors were achieved by controllers based on recurrent (LSTM, GRU) and
attention-based architectures. The LSTM and GRU controllers showed nearly identical tracking
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accuracy. This suggests that their internal state mechanisms may provide a greater capacity for
generalization under the dynamic conditions of feedback control. The Attention-based NMPC
was also a robust controller that outperformed the NARX model, representing a viable,
computationally faster alternative to the recurrent networks.

These findings indicate that for the process under study, a data-driven MPC with a predictive
model that includes a state-aware mechanism (such as recurrent or attention structures) is an
effective approach. Given that the computational cost of these models is within a feasible range
for a slow process like anaerobic digestion, the improved tracking performance appears to
justify the additional modeling effort.

This comparison illustrates a practical engineering trade-off. Recurrent architectures like LSTM
and GRU function as general-purpose models. They represent a robust choice when the process
dynamics are not known beforehand, as they can learn both linear and nonlinear behavior to
achieve high tracking accuracy. In contrast, the linear ARX-MPC offers a less computationally
demanding alternative. For the nonlinear process studied here, its linear model leads to a steady-
state offset, a predictable consequence that could likely be corrected by incorporating integral
action into the control law. This limitation makes the ARX-MPC suitable mainly for quasi-linear
systems or for applications where computational speed is the overriding factor. Given the
distinct nonlinearity of anaerobic digestion, the superior generalization and performance of the
LSTM-based approach justify its use as the more appropriate strategy in this context.
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6 Extension to a Multi-Input Co-digestion Process (ACoD)

Having established the viability of the LSTM-NMPC framework for single-input, single-output
(SISO) anaerobic mono-digestion processes in the preceding chapters, a subsequent question is
whether the methodology can scale to more complex, multi-input systems. This chapter
addresses this by extending the framework to an industrially relevant scenario: the control of
Anaerobic Co-digestion (ACoD). This process, known for its potential efficiency gains but also
for its challenging, non-stationary dynamics, serves as a suitable test case for evaluating the
scalability and robustness of the data-driven strategy.

6.1 Introduction to the Challenges of ACoD

Anaerobic Co-digestion (ACoD) involves the simultaneous digestion of two or more substrates.
This practice can enhance the performance of anaerobic digestion processes by leveraging the
complementary characteristics of different materials. The benefits of ACoD rely on potential
synergies among the co-substrates, which can lead to increased biogas production compared to
mono-digestion (Garcia-Gen et al., 2014).

However, the efficiency of the ACoD process is influenced by many factors, including substrate
composition, temperature, pH, the carbon-to-nitrogen (C/N) ratio, and the organic loading rate
(OLR). Selecting an appropriate blend of substrates to ensure stable operation is a complex task,
as the proportions must be carefully balanced to keep key process parameters within stable
ranges and avoid inhibition. This makes ACoD a multi-input, single-output (MISO) control
problem that is significantly more challenging to model and control than mono-digestion.

This study uses an ACoD process emulator based on the ADM1, where three distinct substrate
streams are manipulated to control the methane production rate. These streams correspond to

manure ((s¢r1), glycerine (Qserz), and protein (Qger3).

6.2 Methodology for the ACoD study

6.2.1 Data Generation and Predictor Development

To develop a predictive model for the ACoD process, dynamic training data was generated by
applying a series of step changes to the flow rates of the three input substrates. A primary goal
of the experimental design was to generate data that covered a wide range of conditions within
the operating space. As neural networks are known to interpolate well but extrapolate poorly,
the training sequence was designed to include the eight vertices of the operational cuboid (or
space) defined by the minimum and maximum ranges of the three input variables.

To determine an adequate amount of training data, an initial analysis was performed (Figure 32).
Based on these results, a training set consisting of 12 perturbations was selected, as it offered a
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good balance between data richness and diminishing returns in prediction accuracy. Stochastic
noise was added to the influent composition (o6 = 1.5%, ¢ = 0.95) to ensure the data was
realistic. Figure 33 illustrates the open-loop effect of these disturbances, showing how the
methane flow rate fluctuates naturally even when the substrate flow rates are held constant. This
inherent process variability represents the baseline challenge that the predictive model must
learn to capture and the controller must learn to reject.
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Figure 32: Analysis of LSTM predictor performance as a function of the number of perturbations in the training set for the
ACoD model.

55



Data-Driven Modeling of Anaerobic Digestion

=¢10A

Processes with a View to Process Control

Methane Flow Rate (QCH4) Behavior with Fixed Inflow
60 T T

QCH4

N
o
I
|

Methane Flow Rate (L h'1)
N w
o o
I |
L |

0 50 100 150 200 250
Time (days)

Figure 33: Dynamic fluctuations in methane flow rate at constant substrate inputs, illustrating the effect of stochastic variations
in the influent composition.

An LSTM network with 5 hidden neurons was trained on this dataset to predict the methane
flow rate based on the history of the three manipulated substrate flow rates and the past methane
flow rate itself.

6.2.2 NMPC Controller Design and Tuning

The control objective was to track a methane flow rate setpoint by manipulating the three
independent substrate feed rates. Unlike the mono-digestion case, where a one-dimensional
sensitivity analysis was sufficient for tuning the single control effort weight (w,,), the multi-
input co-digestion scenario presents a more complex, three-dimensional tuning problem for the
weights corresponding to each substrate stream (w,;, w,,, w,3).

Rather than attempting a manual tuning or pre-scaling the weights based on assumptions about
the process, Bayesian Optimization was employed as an exploratory tool. The objective was to
allow the algorithm to autonomously search the parameter space and identify a high-performing
set of weights. The results of this search could then be analyzed a posteriori to gain insight into
the control strategy that the optimizer deemed effective. The resulting weights from this search
WETre Wy, Wyz, Wys] = [0.107,3651,9.1955].

This outcome provides a clear reflection of the underlying process dynamics. The algorithm
assigned a very high penalty to the glycerine stream (Q,2), which is known to have the most
significant and rapid impact on methane production. This high weight restricts its movement,
suggesting the controller uses it primarily for major setpoint adjustments rather than for
continuous, fine-grained control, thus preventing potentially destabilizing oscillations. In
contrast, the other two streams, manure (Qg.q) and protein (Qg:-3), Which have a less
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pronounced effect on the output, received much lower penalties. This allows them to adjust more
freely, acting as a means for fine-tuning and rejecting smaller disturbances, a behavior consistent
with the steady-state behavior observed in Figure 34.

6.3 Predictive Performance of the LSTM Model in ACoD

Before evaluating the closed-loop control, the accuracy of the trained LSTM predictor was
assessed. While the dynamic predictions showed good performance, a steady-state analysis
revealed important insights into the model's limitations.

Figure 34 compares the true equilibrium surface of the ACoD model with the equilibrium
predicted by the LSTM across different combinations of substrate inputs. While the process
dynamics are largely linear across much of the operating space, there are specific regions where
the non-linearity becomes more pronounced. The LSTM learns the general shape of the complex
4D surface, but a noticeable discrepancy, or model-plant mismatch, is evident in these specific
regions. The mismatch is most significant at low flow rates of the glycerine (Q4:,») and protein
(Qstr3) streams, where the true equilibrium surface exhibits a higher curvature. This strong non-
linearity presents a challenge for the LSTM, likely because this operating region is less
represented in the dynamic training data. As a result, the predictor tends to smooth out the
surface, failing to capture the sharp changes in the process gain.
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Figure 34: Comparison of the true steady-state surface of the ACoD model (blue mesh) versus the equilibrium predicted by
the trained LSTM network (red mesh) for different substrate combinations.
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This mismatch is likely due to a combination of two factors: the inherent difficulty for the neural
network to approximate these sharp non-linearities and the fact that these operating points are
less represented in the dynamic training data. This is quantified in Figure 35, which shows the
prediction error surface. The largest errors (under-prediction) are concentrated in the operating
region defined by low flow rates of Q> and Qgr3, particularly when Qg1 1s also low. This
finding is important, as it predicts that the controller's performance may be degraded when
operating at low methane production setpoints, where these challenging dynamics are most
relevant.
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Figure 35: Prediction error surface, showing the difference between the LSTM's predicted equilibrium and the true model
equilibrium.

6.4 Closed-Loop Control Results of the LSTM-NMPC in ACoD

The performance of the configured LSTM-NMPC is shown in Figure 36. The controller tracks
the methane flow rate setpoints across a range of operating conditions, while the control actions
remain smooth and respect the imposed rate-of-change constraints. As anticipated by the steady-
state analysis, the controller's performance is less precise at lower setpoints (e.g., around 30-40
L/h). In this region, where the model-plant mismatch was identified to be larger, more
pronounced oscillations around the setpoint are observed. Despite these oscillations, the
controller maintains process stability and brings the output towards the desired operating point.
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Figure 36: Closed-loop performance of the LSTM-NMPC on the ACoD emulator, showing setpoint tracking (top) and the
corresponding control actions for the three substrate streams (bottom).

6.5 Discussion on the Scalability and Robustness of the Approach

The results from this chapter indicate that the LSTM-NMPC strategy can be extended to a multi-
input co-digestion scenario. The methodology was applied to a three-input system, where it
achieved setpoint tracking using a purely data-driven model. For the multi-variable tuning task,
Bayesian Optimization was employed to identify suitable controller parameters. An important
aspect of this result is that the input-output model functions without explicit knowledge of
internal process dynamics, such as pH, VFA concentrations, and microbial population shifts.
This suggests that a data-driven model can learn to represent the net effect of these internal
interactions, capturing the mapping from manipulated inputs to the final output, which is
consistent with the premise of a black-box approach for complex biological systems.

The study also included an analysis of the predictor's limitations. The identified mismatch in the
steady-state predictions provided a potential explanation for the observed decrease in control
performance at lower setpoints. This analysis allows for the method's limitations to be
characterized, rather than being treated as unexplained deviations. In summary, the findings
suggest the data-driven framework could be a scalable approach for ACoD control, and the
identified areas of model mismatch point to potential targets for future improvements, such as
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online model adaptation or the inclusion of an integral action term in the cost function to
eliminate steady-state error.
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7 Alternative Paradigm Study: Reinforcement Learning

Having examined the viability and scalability of the model-based LSTM-MPC approach in the
preceding chapters, this study now turns to an alternative control paradigm: model-free
Reinforcement Learning (RL). The objective of this chapter is to compare the performance,
implementation challenges, and practical feasibility of several RL algorithms against the
previously evaluated MPC strategy, using the AM2 emulator as a common testbed to ensure a
direct comparison.

7.1 Introduction to RL as an Alternative to MPC

Reinforcement Learning (RL) encompasses a broad set of methods for learning control policies.
A key distinction within RL is between model-based and model-free approaches. This study
focuses specifically on the model-free paradigm, where an agent learns a control policy directly
through interaction with its environment, guided by reward signals, without requiring an explicit
process model. The evaluation centers on off-policy actor-critic algorithms, which are designed
for continuous control tasks. Three such algorithms were selected for this work:

¢ Deep Deterministic Policy Gradient (DDPG): An algorithm that adapts the principles
of Deep Q-Learning to continuous action spaces. It uses a deterministic actor policy and
a critic to learn an effective control strategy (Lillicrap et al., 2019).

e Twin Delayed Deep Deterministic Policy Gradient (TD3): An extension of DDPG
that introduces several improvements to address the overestimation bias and instability
often found in actor-critic methods. It employs a pair of critics (the "twin" architecture)
and delays policy updates to achieve more stable and robust learning (Fujimoto et al.,
2018).

e Soft Actor-Critic (SAC): An algorithm based on the maximum entropy RL framework.
The agent is trained not only to maximize the cumulative reward but also the entropy of
its policy. This encourages more exploration and can lead to more robust and versatile
policies (Haarnoja et al., 2019).

7.2 Methodology for the RL Study

7.2.1 Environment and Observation Space

The AM2 model, as described in Section 2.1.1, served as the environment for training and
evaluating the RL agents. The agent's observation at each step included the current measured
methane flow rate, the error relative to the setpoint, and a history of past actions and observations
(defined by a WindowSize parameter) to provide dynamic context.
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7.2.2  Hyperparameter Optimization

A known challenge in applying RL is its sensitivity to a large number of hyperparameters, which
can make manual tuning impractical. Therefore, Bayesian Optimization was employed to
systematically search for an effective set of hyperparameters for each of the three agents. The
optimization aimed to minimize the Root Mean Squared Error (RMSE) on a standardized
setpoint tracking simulation. The search space included parameters such as network size,
learning rates for the actor and critic, the discount factor, and the observation window size. The
resulting hyperparameters from this search are presented in Table 3.

Table 3: Best-Found Hyperparameters for RL Agents via Bayesian Optimization

Hyperparameter DDPG TD3 SAC
Network Size (L) 256 66 200
Actor Learn Rate 3.27-10* 1.27-107 2.13-10*
Critic Learn Rate 9.72-10* 4.14-104 8.24-10*
Discount Factor 0.9903 0.9736 0.9798
Target Smooth Factor 0.0069 0.0081 0.0004
Observation Window Size 10 3 2

7.3 Control Results with RL Agents on the AM?2 emulator

Each agent was trained using the hyperparameters identified in the optimization search. The
training progress for the DDPG, TD3, and SAC agents is shown in Figure 37, Figure 38, and
Figure 39, respectively. In each case, the learning curves show the progression of the episode
reward over the training episodes. All three agents show an increasing trend in the average
reward, which eventually stabilizes, indicating that the training process converged.
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Figure 37: Training progress for the DDPG agent.
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training episodes.
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The trained agents were then evaluated on a standardized setpoint tracking task. A comparative
plot of the closed-loop performance for all three agents is shown in Figure 40. The results show
that all agents track the methane flow rate setpoints, although qualitative differences in their
performance, such as overshoot, offsets and settling time, are apparent and reflect the different
learning strategies of each algorithm.
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Figure 40: Comparative closed-loop performance of the DDPG, TD3, and SAC agents on the setpoint tracking task.

7.4 Critical and Comparative Discussion

The results indicate that the evaluated RL algorithms learned to control the nonlinear dynamics
of the AM2 process. A comparison of the agents' performance in Figure 40 and their final RMSE
suggests that while all three achieved setpoint tracking, DDPG and TD3 obtained slightly better
tracking performance than SAC in this specific task. An observed distinction relates to the nature
of the SAC algorithm. Unlike the deterministic policies of DDPG and TD3, SAC's policy is
stochastic due to its maximum entropy framework. While this property can be beneficial for
exploration during learning, it translates into a control action with higher variance, which in turn
can introduce oscillations in the process output.

A comparison with the LSTM-NMPC approach highlights differences in the implementation
workflow. The training process for each RL agent required hundreds of episodes, corresponding
to tens of thousands of simulation steps, and the hyperparameter optimization was
computationally intensive. This contrasts with the data requirements of the LSTM-NMPC
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approach, where the predictor was trained on a single, relatively short dataset from a planned
experiment.

Furthermore, an attempt to apply the RL methodology to the ADM1 emulator suggested the
specificity required in the tuning process. The training of an agent for the ADM1 using the
hyperparameters obtained for the AM2 model did not converge. This result indicates that an
effective training configuration may be highly specific to the process dynamics and not directly
transferable.

This lack of transferability, however, does not necessarily imply a fundamental limitation of the
RL paradigm for this process. A logical next step, which fell outside the scope of this
comparative study, would be to perform a dedicated Bayesian optimization search for the ADM1
model. It is plausible that such a search could identify a set of hyperparameters capable of
training a functional agent, albeit at the cost of an additional, computationally intensive tuning
phase.

The findings from this study therefore point to an engineering trade-off conditioned by the
application context. The data-driven MPC framework, leveraging established principles of
system identification, offers a direct implementation pathway when relying on limited
experimental data. In contrast, the model-free RL approach, while demonstrating its capacity
for effective control, presents practical challenges related to sample inefficiency and intensive,
non-transferable tuning. This distinction suggests that the choice of strategy may depend on the
available resources: MPC appears well-suited for scenarios based on finite experimental
datasets, whereas RL emerges as a powerful alternative whose primary implementation hurdles
are associated with the data generation and training phase, rather than its ultimate control
potential.
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8 Conclusions and Recommendations

8.1 Synthesis of Findings and Conclusions

This thesis investigated the feasibility, robustness, and scalability of a data-driven Model
Predictive Control (MPC) strategy for simulated anaerobic digestion (AD) processes. The core
of this work was the development of a surrogate model based on a Long Short-Term Memory
(LSTM) neural network. This approach proved to be a pragmatic alternative for control design,
as its main advantage lies in bypassing the primary operational hurdles of mechanistic models:
their complex calibration and the need for state estimators for unmeasurable variables.

The study began by establishing the viability of the LSTM-NMPC framework on a simplified
AM?2 emulator. The modeling and control results in this initial phase supported the proof-of-
concept. The analysis also revealed that the predictor, as trained on the generated dataset, did
not fully capture the sharp non-linearity of the process near its washout threshold, a finding
attributed to a lack of informative data in that specific operating region. This observation
underscored that a model's domain of validity is contingent on the richness of its training data.
In contrast, the robustness of the approach was then tested against the high-fidelity ADMI
emulator, where the data-driven predictor successfully captured the process's nonlinear behavior
and the controller demonstrated effective performance against a more complex representation.

A comparative analysis was conducted to contextualize the performance of the chosen LSTM
architecture. The results indicated that nonlinear predictive models with state-aware structures
(recurrent or attention-based) resulted in a lower tracking error in the closed-loop simulations
over simpler nonlinear, linear, and classical PI controllers for this specific control task.

The scalability of the framework was subsequently examined through its application to a multi-
input anaerobic co-digestion (ACoD) scenario. The modeling and control methodology was
successfully extended to this more challenging configuration, suggesting that the data-driven
framework could be applied to more industrially relevant processes.

Finally, an investigation into the alternative paradigm of model-free Reinforcement Learning
(RL) provided a basis for comparison. While the evaluated RL agents learned a control policy
for the simpler AM2 process, the study highlighted practical considerations in their deployment,
namely the computationally intensive and system-specific nature of the hyperparameter tuning
process. This finding positioned the LSTM-NMPC framework as a more direct implementation
strategy under the conditions of this study.

In synthesis, the findings of this work suggest that the proposed LSTM-NMPC strategy
represents a practical alternative for the advanced control of the simulated anaerobic digestion
processes considered here. The approach offers the potential for improved performance by
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leveraging the representational power of neural networks while bypassing some of the
traditional obstacles of mechanistic modeling.

8.2 Limitations of the Study

A primary limitation of this work is the extensive data required for training the predictive
models. Although the study was conducted in a simulated environment, the experimental
campaigns were lengthy: the data for the faster AM2 model corresponded to nearly 30 days of
operation, while the data for the slower ADM1 and the ACoD models represented approximately
150 days each.

Executing such prolonged, deliberately perturbed experimental campaigns in a real-world
industrial or laboratory setting presents significant practical challenges, primarily related to:

e Time and Cost: The duration of these experiments could be prohibitively long and
costly.

e Process Stability: Applying persistent perturbations to the process runs the risk of
causing significant operational instability, which is often unacceptable in a production
environment.

Therefore, while this study demonstrates the feasibility of the data-driven approach,
transitioning from simulation to a physical plant requires careful consideration of these data
acquisition hurdles.

8.3 Recommendations for Future Work

The transition of this control framework from simulation to a physical plant requires a clear
strategy for data acquisition and model development. Future work could explore three primary
pathways, each presenting a different trade-off between model fidelity, cost, and operational
risk.

1. The Digital Twin Approach via Mechanistic Models This approach proposes using a
calibrated first-principles model to generate high-fidelity synthetic data.

e Methodology: The process would begin with the calibration of a detailed mechanistic
model (e.g., ADM1) to represent the dynamics of a specific plant. This calibrated model
would then serve as a "digital twin", from which extensive and clean dynamic data could
be generated. This synthetic dataset would then be used to train a computationally
efficient surrogate model, such as the LSTM network developed in this work, which
would ultimately be used for the online control task.

e Advantages: This approach allows for the exploration of the full operating range
without exposing the physical plant to risk. Furthermore, the digital twin serves as a
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valuable offline tool for the entire control system design. The performance of a surrogate
model-based controller can be safely tested and tuned against the digital twin before
deployment, significantly reducing risks during the commissioning phase.

Challenges: The main bottleneck is the initial calibration of the mechanistic model. This
task can be difficult, a challenge highlighted by structural identifiability theory. This
creates a methodological paradox, as this pathway reintroduces the calibration problem
the data-driven approach was intended to circumvent. The key difference, however, is
that this complex calibration is a one-time, offline effort. Once established, the digital
twin enables the rapid development and validation of flexible surrogate models without
requiring further risky experiments on the physical plant.

2. The Direct Experimental Approach This is the classical system identification method,
applied directly to the physical process.

Methodology: An experimental campaign would be designed and executed on the real
plant, applying a sequence of deliberate perturbations to the selected input variables. The
corresponding output variables of interest would be recorded to create a real-world
dataset for model training.

Advantages: The resulting model would possess high fidelity, as it would be trained on
data originating directly from the process it will control.

Challenges: Deliberately perturbing an industrial process can interfere with production,
leading to economic losses and operational risks. This suggests the approach is better
suited for laboratory-scale systems or for the initial commissioning of a new plant, rather
than for a facility in continuous operation.

3. The Pragmatic Approach via Historical Data: This pathway would leverage existing
operational data.

Methodology: Historical operational data would be collected from the plant's logs. A
significant effort would then be concentrated on data pre-processing. From this refined
dataset, the variables that will serve as model inputs and outputs could be retrospectively
selected for model training.

Advantages: It is a low-cost, low-risk approach that utilizes readily available data,
reflecting the actual conditions and disturbances the plant has been subjected to.

Challenges: The quality and richness of historical data are the main uncertainty. The
primary limitation is that operational data often lacks sufficient "excitation", that is, the
dynamic variation in the inputs needed to accurately model the system's response to
future control actions.
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A potential path forward could be an adaptive hybrid approach that combines the strengths of
these methods. This process could begin by leveraging historical data to develop an initial
predictive model and, concurrently, to perform a preliminary calibration of a mechanistic model.
This calibrated "digital twin" could then be used to generate high-quality synthetic data,
augmenting the historical dataset to enrich dynamics in poorly represented regions. This
improved dataset would serve as a more robust foundation for training the surrogate model.

Furthermore, this work suggests a logical extension to multi-objective control. The current study
demonstrated the framework's applicability to single-output problems, but the underlying
architecture is flexible enough to model other process variables, such as effluent COD, VFA
concentrations, or biogas quality. This could be achieved either by training a single multi-output
neural network or by developing a bank of independent, specialized predictors for each variable.
These models could then be integrated into a single MPC framework, where the controller would
optimize a cost function that balances competing operational goals (for example, maximizing
methane production while ensuring VFA concentrations remain below an inhibitory threshold,
a strategy also proposed for model-based approaches (Azta-Poblete et al., 2025)) all while
respecting the operational constraints for each of the controlled variables. This modular
approach could offer a effective strategy for holistic plant optimization.

This modular concept, if enabled by a reliable digital twin, also makes model-free RL a more
practical alternative. Just as the digital twin can provide data to train a surrogate model for MPC,
it can also serve as a training ground where an RL agent can interact safely and rapidly. This
addresses the sample inefficiency that can hinder its direct application on a physical plant.
Future work could then directly compare the performance of the model-based MPC against a
model-free RL controller, both developed from the same digital twin, to determine which
paradigm offers better performance when data generation is no longer a constraint. Finally, the
computational demands of these methods do not appear to present a practical barrier. The slow
dynamics of anaerobic digestion provide sufficient time for the NMPC optimization to run
between control actions, suggesting these advanced techniques are suitable for real-time
application.
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Appendix A: AM2 Simulation Datasets

A.

1: Training Dataset (Dataset 1)

AM2 Dataset 1 - Input Signals
Dilution Rate (D) Feed Substrate (S1;,)

0.5 10
045
—_ =95
g 04 S
P 0.35 5‘ ol
0.3 _,—
0.25 - : : : : 8.5 : . : : -
0 5 10 15 20 25 0 5 10 15 20 25
Time (days) Time (days)
Feed VFA (S2;,) Feed Alkalinity (Zin)
105 . — 68 : —
__100¢ o
- =
® :
= %7 £
&5 L
w £
90 N
85 - : : : : 58 : . : : -
0 5 10 15 20 25 0 5 10 15 20 25
Time (days) Time (days)
66 Feed Inorganic Carbon (C;,)
64+
= 62f
(o]
£ 60|
= 58+t
&}
56
54 - : : : :
0 5 10 15 20 25
Time (days)

Figure A. 1: Input signals for the AM?2 training dataset, including the manipulated dilution rate (D) and stochastic variations

in the feed composition.
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AM?2 Dataset 1 - State Variables
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Figure A. 2: Evolution of the six state variables of the AM2 model during the training simulation.
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AMZ2 Dataset 1 - Output Variables
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Figure A. 3: Output variables from the AM?2 training simulation, including the target variable, methane flow rate (qy).
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A.2: Testing Dataset (Dataset 2)

AMZ2 Dataset 2 - Input Signals
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Figure A. 4: Input signals for the AM2 testing dataset, featuring a different sequence of perturbations.
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Figure A. 5: Evolution of the six state variables of the AM?2 model during the testing simulation.
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Figure A. 6: Output variables from the AM?2 testing simulation.
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Appendix B: ADM1 Simulation Datasets

B.1: Training Dataset (Dataset 1)

ADM1 Dataset 1 - All Input Signals
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Figure B. 1: Input signals for the ADM1 training dataset, including the manipulated influent flow rate (Q;y,) and stochastic
variations in the feed composition.
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Figure B. 2: Evolution of all state variables of the ADM1 model during the training simulation.
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ADM1 Dataset 1 - All Output Variables
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Figure B. 3: Process output variables from the ADMI training simulation.
B.2: Testing Dataset (Dataset 2)
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Figure B. 4: Input signals for the ADM1 testing dataset, featuring a different sequence of perturbations.
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Figure B. 5: Evolution of all state variables of the ADM1 model during the testing simulation.
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Figure B. 6: Process output variables from the ADM1 testing simulation.
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Appendix C: PID Tuning
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Figure C. 1: Example of FOPDT model fits for each step change in the training data, used to derive PID tuning parameters.

87



	CONSTANCIA_DE_VALIDACIÓN_Y_CONFIDENCIALIDAD_DE_MONOGRAFÍA_A_REPOSITORIO_ACADÉMICO
	Thesis_Andrés Pino_v11.pdf
	Acknowledgments
	Abstract
	List of Publications
	Glossary
	Nomenclature
	Table of contents
	List of figures
	List of Tables
	1 Introduction
	1.1 Motivation and Context
	1.2 Problem Statement
	1.3 Justification for the Control Objective
	1.4 Hypothesis and Objectives
	1.4.1 Hypothesis
	1.4.2 Objectives
	1.4.3 General Objective
	1.4.4 Specific Objectives

	1.5 Thesis Outline

	2 Theoretical Framework and State of the Art
	2.1 The Anaerobic Digestion Process
	2.1.1 Anaerobic Model No. 2 (AM2)
	2.1.2 Anaerobic Digestion Model No. 1 (ADM1)

	2.2 Data-Driven Dynamic Modelling
	2.2.1 Neural Network Structures
	2.2.2 Recurrent Neural Networks (RNNs)
	2.2.3 Long Short-Term Memory (LSTM) Networks
	2.2.4 Theoretical Justification for the Modeling Approach

	2.3 Process Control Strategies
	2.3.1 Model Predictive Control (MPC)
	2.3.2 Reinforcement Learning (RL) Control

	2.4 Hyperparameter Optimization

	3 Materials and Methods
	3.1 Simulation Environment
	3.2 Data Generation and Experimental Design
	3.3 Development of the Data-Driven Control System
	3.3.1 LSTM Predictor
	3.3.2 NMPC Controller

	3.4 Evaluation Metrics

	4 Predictive Control of Anaerobic Mono-digestion
	Part I: Analysis for the AM2 Emulator
	4.1 Predictor Development and Performance
	4.2 NMPC Controller Tuning
	4.3 Closed-Loop Control Results
	4.4 Discussion of the AM2 Case
	Part II: Analysis for the ADM1 Emulator
	4.5 Predictor Development and Performance
	4.6 NMPC Controller Tuning
	4.7 Closed-Loop Performance
	Part III: General Discussion
	4.8 Comparative Discussion and Feasibility
	4.8.1 Effect of Data Quantity
	4.8.2 Computational Feasibility


	5 Comparative Analysis and Benchmarking
	5.1 Modelling with alternative Architectures
	5.1.1 Dynamic Prediction Performance
	5.1.2 Steady-State Behavior Representation

	5.2 Control with Alternative Strategies
	5.2.1 PID Controller Tuning
	5.2.2 Closed-Loop Performance Comparison

	5.3 Comparative Discussion

	6 Extension to a Multi-Input Co-digestion Process (ACoD)
	6.1 Introduction to the Challenges of ACoD
	6.2 Methodology for the ACoD study
	6.2.1 Data Generation and Predictor Development
	6.2.2 NMPC Controller Design and Tuning

	6.3 Predictive Performance of the LSTM Model in ACoD
	6.4 Closed-Loop Control Results of the LSTM-NMPC in ACoD
	6.5 Discussion on the Scalability and Robustness of the Approach

	7 Alternative Paradigm Study: Reinforcement Learning
	7.1 Introduction to RL as an Alternative to MPC
	7.2 Methodology for the RL Study
	7.2.1 Environment and Observation Space
	7.2.2 Hyperparameter Optimization

	7.3 Control Results with RL Agents on the AM2 emulator
	7.4 Critical and Comparative Discussion

	8 Conclusions and Recommendations
	8.1 Synthesis of Findings and Conclusions
	8.2 Limitations of the Study
	8.3 Recommendations for Future Work

	9 References
	Appendix A : AM2 Simulation Datasets
	A.1 : Training Dataset (Dataset 1)
	A.2 : Testing Dataset (Dataset 2)

	Appendix B : ADM1 Simulation Datasets
	B.1 : Training Dataset (Dataset 1)
	B.2 : Testing Dataset (Dataset 2)

	Appendix C : PID Tuning




