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Abstract

Anaerobic digestion is at the heart of waste management and green energy production.
Yet, with such a powerful technology comes the downside of measuring its energy output,
captured by the Biochemical Methane Potential (BMP). Forecasting this metric gives
insight into the design of the digestors and the amount of energy produced. This mea-
surement, however, remains a challenge with traditional means of assessing the BMP. This
calls for using machine learning models to predict the final BMP produced by samples

from anaerobic digestion processes.

While there have been several attempts to tackle this problem, including work on Random
Forests for prediction and feed-forward neural networks, all models disregard the underly-
ing biochemical reactions underlying biomethane production. These data-driven models
rely solely on data describing the process’s operating conditions and fail to incorporate

the kinetics into their predictions.

This thesis proposes a hybrid semi-supervised framework that integrates machine learning
and physics-based modeling to predict the final BMP and the methane production curve.
This is achieved by first using an autoencoder to extract latent features from early kinetics
in a combined dataset comprising labeled and unlabeled data. These early kinetics are
then used, along with static features characterizing the operating conditions, as inputs to
a parameter model that learns the degradation rate and the final methane potential. A
physics-informed neural network reconstructs the biomethane production curve at the final
step by hard-coding the physical law governing the process as a soft constraint that steers
the prediction. The proposed model achieves high predictive performance, illustrated by
an R2 of 0.915 and an MAE of 30.45 NmlC H,.

Overall, this work presents one of the first semi-supervised physics-informed frameworks
for the BMP prediction, bridging the gap between empirical kinetics and black-box ma-

chine learning models.
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Abstract in lingua italiana

La digestione anaerobica ¢ al centro della gestione dei rifiuti e della produzione di energia
verde. Tuttavia, a una tecnologia cosi potente corrisponde lo svantaggio di misurare la sua
resa energetica, catturata dal Potenziale Biochimico di Metano (BMP). Prevedere questa
metrica fornisce indicazioni sulla progettazione dei digestori e sulla quantita di energia
prodotta. Questa misurazione, tuttavia, rimane una sfida con i metodi tradizionali per la
valutazione del BMP. Cio apre la strada all’uso di modelli di machine learning per predire

il BMP finale prodotto da campioni provenienti da processi di digestione anaerobica.

Nonostante diversi tentativi per affrontare questo problema, tra cui lavori basati su Ran-
dom Forest per la previsione e reti neurali feed-forward, tutti i modelli ignorano le reazioni
biochimiche alla base della produzione di biometano. Questi modelli guidati dai dati si
affidano esclusivamente alle informazioni sulle condizioni operative del processo e non

incorporano la cinetica nelle loro previsioni.

Questa tesi propone un framework ibrido semi-supervisionato che integra il machine learn-
ing con la modellazione fisica per prevedere il BMP finale e la curva di produzione del
metano. Cio é ottenuto innanzitutto mediante I'uso di un autoencoder per estrarre carat-
teristiche latenti dalle cinetiche iniziali in un dataset combinato contenente dati etichettati
e non etichettati. Queste cinetiche iniziali vengono poi utilizzate, insieme a caratteristiche
statiche che descrivono le condizioni operative, come input per un modello parametrico
che apprende la velocita di degradazione e il potenziale finale di produzione di metano.
Una rete neurale informata dalla fisica ricostruisce la curva di produzione di biometano
nell’ultimo passaggio, codificando la legge fisica che governa il processo come un vin-
colo morbido che guida la previsione. Il modello proposto raggiunge elevate prestazioni
predittive, come dimostrato da un R? di 0.915 e da un MAE di 30.45 NmlC'H,.

In sintesi, questo lavoro presenta uno dei primi framework semi-supervisionati e informati
dalla fisica per la previsione del BMP, colmando il divario tra cinetiche empiriche e modelli

di machine learning “black box”.
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Introduction

0.1. Background and Motivation

Power generation is considered a primary contributor to climate change. The United
Nations states that, despite advances in clean and renewable energy, burning fossil fuels
still accounts for 60% of the world’s electricity [58]. Most power plants worldwide still
rely on traditional means of generating power, which either burn coal or petroleum to
feed the grid [46].

In 2022, the European Parliament published a study detailing the main pollutants con-
tributing to elevated greenhouse gas emissions in the European Union, particularly carbon
dioxide. As shown in fig. 1, from the 1990s to 2019, domestic transportation C'Os emis-
sions have increased to 125% of the 1990 levels.

EMISSIONS IN THE EU

Change in emission levels by sector since 1990
(in CO2 equivalent)
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Figure 1: EU Emissions by Sector (1990-2019): Change in emissions (in C'O, equivalent)

across major sectors since 1990, indexed to 100 [32].
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Whether it is conventional power generation or domestic transportation, the process of
burning resources like natural gas, coal, or petroleum includes, as a final output, the
release of harmful greenhouse gases, in addition to the power generated. Carbon dioxide
(COy) and methane (C'H,) are the main constituents of the greenhouse gases, whether

natural or emitted [15].

While C O, remains in the atmosphere for longer periods than methane, it is less effective
at capturing heat [66]. The author of [72] states that methane is 80 times more effective
at capturing heat at the surface of Earth than C'O, is, making methane a key variable

contributing to the rising temperatures.

There are a handful of sources of C'"H, in addition to it being produced while handling
power generation resources; organic waste, also, like food waste, animal manure, wastew-
ater, etc, yield methane gas [40]. These wastes are usually deposited in the environment
without proper handling, emitting harmful C'H, into the atmosphere; 8-10% of total

annual greenhouse gas emissions are accounted for by organic waste [26].

However, while methane is recognized as a major contributor to global warming, when its
primary source, organic waste, is properly managed, it can benefit the environment. This
is highlighted by the anaerobic digestion process. With the recent emergence of the need
for sustainable waste management and its concerns regarding global warming, anaerobic
digestion has emerged as a solution to both. It not only reduces methane emissions to
the ambient but also produces clean energy in the form of biogas, which, when upgraded

to biomethane, is used in both heating and power generation.

A key metric that captures the essence of any anaerobic digestion process is the bio-
chemical methane potential (BMP), which quantifies the maximum energy that can be
produced from a substrate [65]. BMP is a fundamental indicator of substrate biodegrad-
ability and energy recovery efficiency; it influences operating conditions, digester design,
and economic feasibility [27]. The measurement of BMP, however, remains a challenge
with traditional testing. The test relies on laboratory batch assays to reproduce anaer-
obic digestion under controlled conditions over 30-60 days [57]. While accurate, these

experiments take both time and intensive labor, making them hard to conduct.

0.2. Thesis Objective

Given these limitations, the need to predict BMP from experimental data and operating
conditions has emerged. Recent studies have explored statistical and machine learning

models, like Random Forests and Artificial Neural Networks, to address this issue. These
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approaches have demonstrated promising results in terms of prediction accuracy, but still
remain empirical and hard to interpret. Most models neglect the underlying kinetics of
anaerobic digestion and instead focus on the well-labeled datasets at hand. This thesis
aims to develop a hybrid, semi-supervised physics-informed machine learning model for
early prediction of BMP. The study aims to leverage early-stage kinetic data as input fea-
tures, along with operating conditions, to forecast the final BMP and methane production

curves for different experiments.

0.3. Novelty and Contribution

In contrast to prior works that treat BMP prediction purely as a data-driven regression
task, this thesis introduces a semi-supervised Physical-Informed Neural Network frame-
work that integrates the physical laws of anaerobic digestion into the machine learning
architecture. The proposed model enforces the first-order kinetic equations governing the
biomethane production as physical constraints during the neural training. Through this,
the model can learn the final BMP and its evolution from the early temporal dynamics of
the experiment and its static features, from temperature to Volatile Solids content. The
resulting model demonstrates high prediction accuracy and generalization while reducing

the experimental test time from around 30 days to 5 days.
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]_ ‘ Anaerobic Digestion and
Biogas Production

As presented in the introduction, anaerobic digestion is crucial for both waste management
and clean energy production, which needs enhancement in BMP prediction. However, be-
fore tackling the design of a suitable prediction model, it is essential to form a background

on the biochemical process.

This chapter thus provides the necessary context for understanding the mechanism of
biomethane production. Throughout the chapter, the stages of anaerobic digestion are

thoroughly described, and the final output, biogas, is examined.

1.1. Anaerobic Digestion

Anaerobic digestion, fig. 1.1, is the process of breaking down organic material to produce
biogas; a gas composed of methane and carbon dioxide [64]. Organic waste, also known as
substrates, comes from diverse sources such as animal manure, sewage, and food waste. To
digest the substrates, or break them down, the anaerobic digestion plant utilizes different
types of bacteria contained in reactors, the medium in which the process takes place in
the absence of oxygen [59]. The final outputs of the digestion are both biogas and residual
digestate. The former is used for energy production, grid injection, and heating, while

the latter is used for agricultural purposes [59].
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Figure 1.1: Overview of biomethane production cycle through anerobic digestion of dif-

ferent organic waste [13]

1.1.1. Stages of Anaerobic Digestion

Anaerobic digestion is composed of 4 main stages, fig. 2.2, for the treatment of the sub-
strates [54].

Hydrolysis

The first stage is Hydrolysis, which is essential as a pre-treatment step for complex sub-
strates, like food waste and wastewater [64]. These complex substrates cannot be decom-

posed by the bacteria on their own and are thus broken down into simpler monomers
through Hydrolysis [64].

Acidogenesis

The next stage is Acidogenesis, where the output of the Hydrolysis, sugars and long-
chain fatty acids, are used as substrates for “acidogenic” bacteria [64]. The substrates are
further broken down into simpler forms of chained acids in this stage. The end-product
of Acidogenesis is a composition of alcohol, acetate, and volatile fatty acids (VFAs) [47].
The VFAs serve as substrates for the subsequent stages; they are essential for producing
biomethane [7].
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Acetogenesis

The products of Acidogenesis are then processed by Acetogenesis, where they are con-
verted into acetate [64]. While some products of Acidogenesis are ready for the final step,
some, especially those with high VFAs should be processed more [59]. Thus, Acetogenesis
further composes these substrates into acetate and Hydrogen, which are harvested as a
beneficial output in the reactor [59]. Hydrogen is collected as a source of heat and power

generation; it is a green fuel [38].

Methanogenesis

The fourth and the last step is Methanogenesis, where the decomposed and simple sub-
strates are consumed by “methanogenic” bacteria [59]. This is the last and most crucial
stage, where the final product is CHy and C'O,. The bacteria used are slow-growing and
work only in an oxygen-deprived environment; the process is slow and takes up to 40 days

to end [59].



8 1| Anaerobic Digestion and Biogas Production

o

complex
substrate (Fats,
Carbohydrates..)

Hydrolisis

L

Simpler
compounds

(sugar, fatty acids)

Acidogenesis

Organic
Acids and
Alcohol

Acetogenesis

Hydrogen
and CO2

“, Methanogenesis

CH4 & CO2

Figure 1.2: The four chemical stages of anaerobic digestion for producing biomethane

1.2. Biogas Production

The final output of anaerobic digestion is a combination of different gases, with the
principal constituent being biomethane, CHy; around 50-70% of the total gas produced
is biomethane, CHy. The other 30-50% of the residual gas is CO[28]. The difference
between biomethane and methane is their source of production; biomethane is produced
biologically through anaerobic digestion, while methane is a component of natural gas

[41].

The biogas produced can then be used for heating, cooking, and electricity generation.
However, since it is not purely made of biomethane, it should be upgraded; the other
residual gases are removed, and pure biomethane is left as a product [2|. This upgraded

biomethane can then be injected into the natural gas grid or used as a transport fuel [41].
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1.2.1. Factors influencing Biogas Production

Several factors influence the final amount of biogas produced, including the type and com-
position of substrates, as well as the temperature and pH of the digestion environment
[64]. The diverse types of substrates vary in their biodegradability and the amount of
biomethane they can produce [59]. In addition, temperature affects the gas yield and
the process stability; mesophilic (30-40 °C) and thermophilic (50-60 °C) conditions cre-
ate different environments in which bacteria can reside and work efficiently; each range
supports different microbial communities and reaction rates [3|. Optimizing these various

factors is essential to maximizing biomethane output and ensuring process reliability.

1.2.2. Biochemical Methane Potential (BMP)

The maximum amount of biomethane produced by a substrate is referred to as the bio-
chemical methane potential (BMP) [65]. This metric is essential to study as it gives an
understanding of the effect of the factors influencing biomethane production. It provides
insight into the yield of different substrate types and the effect of the environment in
which the plant should be positioned on the final output of the digestion [31|. The idea
of a prior testing of the different inocula and available substrates as candidates for use in
an anaerobic digestion plant input has thus emerged. These tests are referred to as bio-
chemical methane potential (BMP) tests; they help determine the biochemical methane
potential of different digestate samples to predict the future yield of a larger-scale plant
[10].
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2 ‘ Introduction to Biochemical
Methane Potential Test

As mentioned in the introduction, traditional means for the measurement of BMP is
by replicating the anaerobic digestion process in small batches with different operating
conditions. In this chapter, the setup of the test is presented in addition to the reasoning

behind the importance of having prior knowledge of BMP.

2.1. Biochemical Methane Potential Test Motivation

The biochemical methane potential (BMP) is an essential feature in the field of anaerobic
digestion. It represents the maximum volume of methane that can be produced from
different organic substrates, under optimal laboratory conditions; it is reported as methane
yield per gram of volatile solids (NmlC'H,/gVS) [65]. BMP serves as an indicator of the
behavior of a large-scale anaerobic digestion plant, working with already tested substrates.
It is also a direct experimental measure of a substrate’s biodegradability and its potential

for long-term energy generation.|[31].

There are many advantages of BMP testing both industrial and economic [20]. In in-
dustry, analyzing the biomethane yield of substrates facilitates the design of digesters.
By possessing prior knowledge of BMP value, the size of digesters and their operating
conditions could be determined [8]. Economically, the methane yield is directly tied to
the energy digesters’ energy output and, consequently, to the return on investment of
the digestion plants [27]. It can also provide insight into the pricing of substrates, where

pricing is based on methane yield rather than on mass alone [9].

2.2. Setup of Biochemical Methane Potential Test

The BMP test is a replication of full-scale anaerobic digestion, conducted in a laboratory
[10]. The biochemical reaction is reproduced in a controlled, small-scale batch fermenta-

tion. fig. 2.1 is an example of the setup of the experiment.
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The four stages of anaerobic digestion, hydrolysis, acidogenesis, acetogenesis, and methano-
genesis, take place also in the BMP test environment. The biogas produced in each ex-
periment is then recorded continuously by software, producing the dynamic production
profile of the different experiments taking place [30]. This allows for more understanding

of a substrate’s degradation characteristics [10].

Figure 2.1: biochemical methane potential test laboratory setup [29|

While there are different methods for conducting a BMP test, standardization has emerged
around set of core practices to minimize experimental errors and enable reproducibility

across laboratories [10].

2.2.1. Preparation of Substrate and Inoculum

The BMP test is based on two primary biological components: the substrate and the
inoculum. The preparation of these components thus is an essential first step of the test.
The substrate must first be analyzed to record its physicochemical parameters that play a
key role in its degradation and final biogas output. These parameters include the Volatile
Solids (VS) and the Total Solids (TS) content [18|. The VS content represents the organic
fraction of the total solids; it is used to calculate the amount of substrate to add to each
reactor [56]. As for the inoculum, it is the microbial seed material that determines the
efficiency of digestion by introducing active microbial populations capable of breaking
down complex organic matter [30]. Its analysis includes its acquisition from a full-scale
digester [56]. The quality of the inoculum influences the final yield; a high Methanogenesis
activity is associated with a high-quality inoculum [30]. Once the inoculum and the
substrates are prepared, the batch reactors are assembled under control conditions. The
reactors are gas-tight containers, usually glass bottles, and are securely sealed; fig. 2.2 is

an example of the experimental setup.
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Figure 2.2: biochemical methane potential test reactors|50]

2.2.2. Assembly of Batch Reactors

After all liquid and solid components have been added to the reactors, all oxygen should
be removed from the gas volume above the liquid (the headspace). This is achieved by
introducing an inert gas, such as nitrogen N,, into the headspace for several minutes before
the reactors are completely sealed [56]. The reactors are then incubated at a constant
temperature ranging between 35°C to 38°C. The duration of a BMP test must be sufficient
to allow all the organic material to degrade completely. The experiment thus typically
runs for around 30 days, with the duration ranging based on the substrates used [18]. The
test is considered complete when biological activity has completely ceased; this is defined
as the point at which the average daily net methane production is less than 1% over three

consecutive days [30].

2.2.3. Measurement and Data Collection

The biochemical methane potential is measured using an automated measurement system,
such as the Automatic Methane Potential Test System (AMPTS). The system, consisting
of multiple parallel reactors, is connected to a central detection unit that houses the
measurement device. The device is a highly sensitive gas flow meter that registers small
discrete volumes of the gas entering. Each time step, the device collects data on the
rate and accumulation of methane production [10]. This setup has been used for data
collection for in this work. fig. 2.3 is an example of hourly data collected by the software

on the course of 5 days of an experiment labeled as “24R928-A”.
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24R928 - A

time

Figure 2.3: Cumulative biomethane production over time (in hours) for sample 24R928 -
A [50]

This type of information gives insight into the behavior of the substrate; the data is
used to estimate the kinetic features, like the rate of biogas production, in experiment.
Traditionally, these parameters are estimated by curve fitting experimental BMP data to
the chosen kinetic model [65], as discussed further. However, this approach has several
limitations; curve fitting requires full experimental datasets, which take around a month
to collect. The curve fitting may also fail when experimental data are noisy [77]. Another
important limitation to note is that the parameter fitted to one dataset may not generalize
across different substrates; deviations and discrepancies are are observed in BMP yields

across substrates when the experiment is conducted under different ambient conditions

7).

Thus, to overcome these challenges, this study applies machine learning (ML) models to
directly predict kinetic parameters from early-time window data as well as the composition
and type of substrates used in the experiment. Instead, therefore, of waiting until the
experiment is complete, features like Volatile Solids composition, temperature, and kinetic
features from the early experiment days are used as inputs to several Machine learning

models, spanning from Random Forests to Physically Informed Neural Networks.
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3 Literature Review

There have been several works by previous researchers regarding the idea of utilizing
machine learning models in the prediction of the BMP. In this section, the literature from
various papers with different propositions is presented and discussed. The models adhere
to an empirical approach for the prediction of final BMP, neglecting the kinetics of the

process.

3.1. Discussion of previous work

In [1], Adeleke et al. propose several machine learning models for the prediction of final
BMP: the random forest, support vector machine, gradient boosting and artificial neural
networks. For input features, the authors consider the cellulose composition, alongside
the hemicellulose lignin, and residuals of the substrate for the prediction the BMP. Before
testing the models, generative adversarial network algorithm (GAN) is utilized to generate
more datapoints. Out of the models, gradient boosting exhibits the best performance in
predicting BMP, after being trained on the augmented dataset. Although the results
of the study are promising, the reliance on GAN-augmented data might converge to a
smaller range of BMP, as reported. This raises questions on the potential for overfitting

and lack of generalization.

De Clercq et al. utilize the XGBoost and random forest algorithm in [24]| to predict
the biomethane production of experiments across different time windows in industrial-
scale anaerobic digestion systems. The input features include different types of substrates
as well as operational and environmental variables from temperature to loading rate.
To ensure interpretability, the authors employ SHapley Additive exPlanations (SHAP)
to analyse the influence of each input feature on the predicted BMP. While the model
achieves strong predictive performance, its reliance on operational data rather than the

biochemical composition of substrates limits the biological interpretability of the results.

In [68], the authors study the potential of using a machine learning model for the predic-

tion of biomethane from lignocellulosic wastes. They begin with a large set of candidate
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inputs based on physicochemical features, such as lignin nitrogen content. These features
are then sampled to select the most informative. An automated pipeline optimization
method is utilized to build the model; it searches over different architectures and pre-
processing steps to assemble the best model pipeline. The proposed model shows good
performance metrics in validation testing. However, one limitation of the study is the
fact that the dataset might lack diversity in substrate types and operational conditions,

which challenges the generalization to new feedstock.

Another study by Wang et al. [74] also utilizes the tree-based pipeline optimization tool
(TPOT) for the study of the influence of the type of substrate and operational conditions
on the output of the anaerobic digestion. The tool takes the entire dataset as input
and recommends a best-fit machine learning model, optimizing data preprocessing and
feature selection. TPOT is widely used by researchers with little Al expertise, as it relieves
the weight of model tuning and data preprocessing. The reliance on a fully automated
model selection, however, reduces interpretability. With the lack of a rationale behind the
selection, the chosen model is hard to understand in comparison to a manually designed

one.

In [65], the authors use a neural network model for the prediction of BMP from the
chemical composition of different substrates. The authors compare the results of their
model to different linear regression models from other literature; they report generally
better performance. While the approach achieves promising validation metrics, there is
a lack of source of the metrics; there is no mention of whether the tests were done by
cross-validation or train-test split. This suggests the reported metrics may be optimistic

and overestimate the model’s performance.

In conclusion, existing studies demonstrate the potential of machine learning models for
predicting BMP. The interpretability of the different proposed models, however, remains
a shared limitation across multiple of them. Also, most reported models rely on static

substrate composition as input features, disregarding the temporal dynamics.

In contrast to previous work, this study proposes a semi-supervised Physics-Informed
Neural Network (PINN) framework that approach combines ML with the physical laws
governing methane production. The proposed model thus not only predicts the BMP
but also predicts the methane production curve and ensures its physical consistency. The
issue of data scarcity, which has been present in several studies, is also addressed by the
utilization of both a labeled and unlabeled dataset.
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4: ‘ Dataset

The basis for any machine learning model is an extensive dataset, on which training and
validation are performed. The data used in this study were obtained from laboratory
BMP experiments conducted in accordance with the guidelines described in the previous
chapter. While the earlier section described the experiment setup, this chapter covers the
resulting dataset, its composition and structure, and its handling for machine learning

applications.

4.1. Dataset Overview

All experiments are conducted in accordance with the standardized BMP test guidelines
and under controlled laboratory conditions. To quantify the methane produced, the pro-
cess involves capturing biogas, determining its volume and composition, and normalizing

it to standard conditions for comparability.

4.1.1. Data Collection

The total methane volume measured from a reactor containing both substrate and in-
oculum is a combination of methane from two sources: the substrate and the inoculum;
the inoculum’s methane production is a result of residual organic material [30]. To find
the true methane potential for the substrate, the contribution of the inoculum must be
subtracted from the gross methane produced, as in fig. 4.1. Determining the inoculum’s
methane production is achieved using the data from the blank control reactors; blank
control are reactors that only contain the inoculum and any medium used in the other

reactors, excluding any substrate [30]
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Figure 4.1: substrate and inoculum biomethane production

4.1.2.

Description of the collected Dataset

The dataset contains methane production profiles obtained under standardized BMP test

conditions. Each experiment’s output is a measurement of the methane volume produced

at the specified time steps, hourly or daily. These data are then used to develop and

validate predictive models to estimate BMP from a set of features to be discussed further.

For this study, two types of data are collected: unlabeled data and labeled data.

Table 4.1: Dataset Description

and hourly methane pro-
duction.

Dataset Type | Description Samples | Key features Target
Variable

Unlabeled Experiments with un- 383 Methane Volume, | Final BMP
known substrate compo- Time (NmLCHy/¢g
sition; only methane pro- VS)
duction data available

Labeled Experiments with known 147 Methane Volume, | Final BMP
substrate type, volatile Time, Substrate, | (NmLCH,/g
solids (VS), temperature VS, Temperature VS)

The unlabeled data, as described in the table above, table 4.1, consists of hourly and

daily methane production from different unlabeled experiments, whose substrate type

and composition are not recorded or labeled. The other dataset, the labeled one, is

also composed of hourly production of methane of experiments whose substrates, Volatile

Solids, and temperature are known. The substrates used are:

1. AW: Agrozootecnica Waste, water from manure and crop residuals

2. BW: Biowaste, waste of animal and plant origin

3. PS: Primary Sewage sludge, solid waste accumulating at the primary sedimentation

tank of the sewage treatment plant
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4. SS: Secondary Sewage sludge, microorganism and organic waste produced during

sewage treatment

4.1.3. Data Analysis

Data analysis and correlation visualization are performed on the labeled dataset, which
contains meaningful information on the static features and their influence on the final
BMP. The unlabeled dataset, on the other hand, contains only the hourly temporal in-
formation of experiments with unknown operating conditions, and is used later for model
training. Accordingly, the statistical summaries and visualizations presented refer solely
to the labeled dataset.

Table 4.2: Descriptive statistics of the data

Variable ‘ Count ‘ mean ‘ std ‘ min ‘ 25% ‘ 50% ‘ 75% ‘ max ‘ Missing (%) ‘

VS 147.00 | 177.57 | 253.87 | 3.00 | 20.62 | 45.90 | 224.92 | 999.00 | 0.00
Temperature | 147.00 | 35.75 3.28 | 35.00 | 35.00 | 35.00 | 35.00 | 50.00 | 0.00
Final BMP | 147.00 | 312.75 | 171.02 | 44.01 | 192.46 | 293.99 | 393.29 | 977.43 | 0.00

table 4.2 summarizes the characteristics of the main features used in this study. The
dataset contains no missing values of the 147 study cases. To start with, the VS feature
content spans over a wide range from a minimum of 3.0 g/kg to a maximum of 999.0 g/kg
with a large standard deviation of 253.87; this wide range reflects the heterogeneity of the
feedstocks being utilized to conduct the experiments. Moving on to the temperature, it
has an average of 35.75°C with a small standard deviation of 3.28. This is expected, as

most experiments were conducted under similar mesophilic conditions 35°C.

As for the BMP, it ranges from 44.01 NmlC H,/gVS to 977.43 NmlC H,/gV'S, with a mean
of 312.75 NmlC' H,/gVS.This variability is consistent with the diversity of the substrates
used, which was touched upon in the VS skewness; the yield of the organic material varies

widely as they are not of similar nature.
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Figure 4.2: Pearson Correlation Heatmap of input features and the Final BMP of the
labeled dataset

fig. 4.2 shows the Pearson correlation coefficients among the continuous variables present
in the dataset. The final BMP exhibits a moderate correlation with the VS content
(r=0.5), indicating that higher VS content yields more biomethane. As for the correla-
tion between BMP and the temperature, it scored an (r=0.08). This negligible correlation
is due to the fact that most experiments were conducted under similar temperature condi-
tions; only two operating temperatures were used, 30°C and 50°C. There is also a moderate
correlation between VS and temperature (r=0.4); this is likely because most experiments

with higher VS content were conducted at temperatures below 50°C.
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4.1.4. Data preprocessing

Prior to model development, raw experimental data undergo several preprocessing steps
to ensure data quality and consistency. As shown by table 4.2, there are no missing values
in the dataset to be allocated prior to testing, ensuring its reliability for model training.
Seeing as the experiments exhibit different time profiles, all time series are interpolated
to the longest time step. This guarantees data consistency and alignment as deemed

necessary by the neural network models.

To handle data skewness, a Log transformation is applied to the BMP values to avoid
bias for higher values. The quantitative features, VS and temperature, are also scaled
to ensure equal contribution to the training process. As for the qualitative features, the
substrates are one-hot encoded into binary values, chapter 6. Moreover, for the kinetic
analysis and prediction, chapter 5, new features are added to the unlabeled dataset. These
features capture the kinetic evolution of the different experiments in the early stage of

methane production.

After preprocessing, the dataset is complete, with all features standardized and ready
for model training. The preprocessing steps of each model are described thoroughly

throughout the corresponding chapters.
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5 ‘ Machine Learning for
Kinetic-Based BMP Prediction

The type of data used to train the selected models affects each model’s interpretability.
The unlabeled dataset is unclear regarding operational conditions and the types and
chemical compositions of the substrates. This implies that using it as an input yields
a kinetic interpretation of methane production dynamics. However, feeding the models
the labeled dataset gives insight into how the temperature and chemical composition of
the substrates affect the BMP. These two approaches are both studied, compared, and
assessed. A final hybrid semi-supervised learning model is then proposed as a compromise

between the two solutions.

5.1. Kinetic Models

The relationship between methane production from a given substrate and the final value
produced is complex, exceeding a simple polynomial relationship that would make the
problem a linear regression problem [1]. In the following section, algorithms such as
Random Forest and K-Means are used to analyse and predict the final BMP as a function

of the initial kinetics observed.

Kinetic Features

Before the selection of the most suitable machine learning technique, the feature inputs
that will be fed to the algorithm are identified, in addition to the output to be learned.
The dataset at hand consists of raw data points from different experiments, along with
their daily and hourly BMP yields. Naturally, it would be most rational to have the input
as the experiment and the output as the final BMP value. However, because the data are
unlabeled and the experiments are ambiguous, such a representation fails to capture the

underlying dynamic relationship between the substrate and the BMP.

Consequently, the extracted features highlight the kinetics of the entire experiment and
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how a substrate’s performance affects the final yield. The method proposed by [14] sug-
gests the use of an initial time window of 4-10 days, from which the kinetic behavior of the
experiment is extracted. This implies that the initial behavior of the experiment affects

the final value of BMP produced.

Similarly, feature selection for the available dataset is performed over an initial 5-day time

window. The features, as well as their significance, are as follows:

e BMP at the end of the window: represents the cumulative methane produced in the

early phase; an indicator of the substrate’s initial degradability.

e Average rate of gas production over the window: measures the overall rate of
biomethane production in the early window; reflects the general kinetic speed of

the process.

e Maximum rate at window: is the highest peak speed of gas production; identifies

the quality of substrate.

e Time to maximum rate: time to reach the maximum speed at the window; distin-
guishes between slow and fast starters and serves as an indicator of the acceleration

of the experiment.

5.1.1. Kinetic Features Extraction

The first step of data preprocessing for the kinetic models is the extraction of the early
kinetic features. The pseudocode algorithm 5.1 describes the procedure performed to
calculate the features. Each experiment’s data is analyzed up to a maximum boundary
of 120 hours. If an experiment finishes earlier, the features are calculated based on the

available data.
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Algorithm 5.1 Pseudocode for Kinetic Feature Extraction from Methane Production
Curves

: Input: Time-series methane production data D(t) for each experiment
: Define time window T;, = 5 days (120 hours)

. for each experiment 7 in dataset do

Extract subset D;(t) for t € [0, T,,]

Compute:

e DBMP window end= D;(Ty,)

Tw dD;(t

e avg rate = TL =0 %
dDy(t

e max_ rate= max(ﬁ)

dt
dD(t)

e time_to_maxr = argmax,(~—~)

Append {BMP_ window end,avg rate,max_rate,time to max} to feature

O W N

2

matrix X

7. end for

oo

: Output: Feature matrix X and corresponding final BMP labels y

5.2. Random Forest Model

The RF algorithm is selected for this study for its ability to model nonlinear relationships
and assess feature importance [5]. Compared to single decision trees, it is less prone to
overfitting and more robust [25]. It can also handle small and medium-sized datasets,

such as the one at hand.

Random forest (RF) is a supervised machine learning algorithm used for both regression
and classification problems. It makes its decision based on an ensemble of decision trees
created to train the model [25]. Each tree is trained on a different subset of the dataset and
its features. The final decision is then obtained by averaging the different outputs of each
decision tree [35]. By employing this ensemble approach, the model reduces overfitting

and improves its generalization [5].

5.2.1. Model Description

The logic of the RF algorithm stems from the idea of building multiple decision trees
for decision-making [25]. By feeding these decision trees random dataset points from
random experiments, it is guaranteed that no decision tree is the same as any other [25].
Mathematically, the problem is formulated as the estimation of a regression function and

is expressed as:
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f(x) =ElY | X = af (5.1)

where:
e Y : the random output variable to be predicted
e X : the random input variable
The model learns this relationship through a training dataset, D,,.

D,, consists of n random tuple combinations of (X,Y):

D, = {(X;, V) }iLy (5.2)

In this study, the Random Forest algorithm is trained on features extracted from the
five-day methane production window. The Algorithm creates M decision trees, each
independently drawing random features with replacement to predict the BMP. Once all
trees make their own predictions, the final BMP estimate is computed as the average of

all outputs:

M
Zi:l BMPfinal,treei

BMPfinal = M

(5.3)

where:
1. BMP ;4 the final average BMP predicted by the RF
2. BMP jnq: the individual BMP predicted by the it tree

fig. 5.1 is an illustration of the mechanism of the prediction. The model is trained using
the training dataset D,, 1qin, Which is created by extracting the different features and their

corresponding BMP values.
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Figure 5.1: Flowchart for the Random Forest learning of BMP through averaging multiple

single decision trees’ outputs

5.2.2. Model Formulation and Training Methodology

It should be noted that the number of trees, M, along with the maximum tree depth, the
number of features considered at each split, and the minimum number of samples per leaf
are all hyperparameters key to the model. These hyperparameters are tuned as needed

to optimize prediction accuracy on the validation set.

The following section discusses the implementation of the RF model.

Data Preparation and Implementation

To ensure data consistency, the raw dataset is preprocessed before training the model.
The methane production curves are interpolated to produce a consistent time series across

all the experiments. From each interpolated experiment, features are extracted from the
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first 120 hours of methane production to characterize the early kinetics. Thus, the average
rate of production, the maximum rate, the time required to reach this rate, and the final
biomethane volume are calculated and extracted. All features are scaled using Scikit-learn

tools to ensure comparability.

To minimize the effect of data skewness, the target variable, BMP, is log-transformed prior
to training. This helps reduce bias and the influence of very high BMP values introduced
by the dataset’s heterogeneity [5].

The model is trained using a RandomForestRegressor built-in function with 100 decision
trees and a fixed random state for reproducibility. A k-fold cross-validation is conducted
to evaluate the model’s performance. Through this technique, the dataset is randomly
split into k equally sized subsets or folds. For each fold, the model is trained on the k-1
folds and tested on the one held-out fold. This is repeated until every fold has served as a
validation subset once, and the average performance metrics are computed across all folds.
This method is better than the train-test split, where the test set is chosen randomly and
may be overly optimistic or less representative [75]. In this test, 5-fold cross-validation is
performed, and the average coefficient of determination R?, mean absolute error M AE,

and root mean square error RMSFE are reported as performance metrics.

The model is implemented in Python (version 3.x) and utilizes the Scikit-learn library for

model development and evaluation.

The pseudo code of the model is as follows:
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Algorithm 5.2 Pseudocode for BMP Prediction Model

1: For each experiment:

- Extract early kinetic features:
- bmp_at_window_end
- avg_rate_at_window
- max_rate_at_window
- time_to_max_rate
Construct feature matrix X and target vector y (final BMP)
Apply log transformation to y and standardize X
Initialize RandomForestRegressor with 100 trees
Perform 5-fold cross-validation to evaluate R?, MAE, RMSE
Train the model on the full dataset

Predict final BMP values and transform back to original scale

Compute final performance metrics and generate:
- Parity plot (Predicted vs. Actual BMP)

- Feature importance plot

5.2.3. Model Evaluation Metrics

In this section, the results of the RF predictions are reported, along with the average

performance metrics calculated.

Average coefficient of determination, 1>

R? measures how well a model’s predictions approximate the actual experimental values,

mathematically it is calculated as:

RP_1_ > i (Wi — 93)° (5.4)

Where:
1. y;: actual BMP values
2. ¥;: predicted BMP values
3. ¥;: average of actual BMP values

This metric compares the variance explained by the model against the variance present

in the experimental data [42]. An R? value of 1 indicates perfect predictive accuracy,
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while a 0 indicates performance equivalent to predicting the mean of the data. An R?<0
indicates that the model is worse than randomly guessing the output. The model achieves
an R? of 0.757, indicating that approximately 75.5% of the variance in the final BMP is

explained by the input features.

Mean Absolute Error, MAE

The MAE is a quantification of the average error between the model’s predicted output

and the experimental values [16]. It is defined as:

1 & R
MAE = ~ > lyi — il (5.5)
=1

This metric measures the absolute difference between the predicted and actual outputs,
regardless of the direction of deviation (underestimation or overestimation). A lower MAE

indicates better predictive accuracy.

The RF model achieves an MAE of 47.15 NmlC' H,/gVS; on average, the predictions devi-
ate from the measured BMP by approximately 47 NmlC H,/gVS. This value is acceptable

given the biological nature of the process [68].

Root Mean Sqaure Error, RMSE

The RMSE is an indicator of the standard deviation of the prediction errors; it is calculated

as the average of the squared error [16]:

RMSE = | =3 (5 — g (5.6)

n <
=1

The RMSE penalizes larger deviations more heavily than MAE; this makes it more sen-
sitive to outliers or poor predictions. A lower RMSE indicates higher predictive accuracy
of the model. The RF model achieves an RMSE of 109.97 NmlC H,/gVS, suggesting that

some predictions have high variance relative to their actual values.

Performance metrics Summary

In conclusion, the reported metrics indicate that the RF model predicts the final BMP
based on early-window dynamics; the results suggest that the model generalizes well and

produces predictions that conform to the inherent biological nature of the process. An-
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other model is trained on a 5-day early window to assess the effect of the window’s length
on the actual output. The model achieves an R? of 0.914, a MAE of 26.71 NmlC H,/gV'S
, and a RMSE of 63.78 NmlC'H,/gVS. This implies that the longer the duration of the
early window, the better the RF’s predictions are. Although the 5-day window achieves
better results, the 3-day window is selected for analysis because it, too, predicts BMP

values earlier and more accurately.

5.3. Results and Analysis

In this section, the RF model’s predictions are visualized using parity plots. The predic-
tions are also analyzed in reference to the feature importance plot generated at the end

of the training.

5.3.1. Prediction Performance and Parity Analysis

fig. 5.2 is a visualization of the parity plot comparing the predicted and the actual BMP
values. This plot is created after training the model on the full dataset. Most of the
predicted points align with the first bisector, indicating the model’s strength. Some
samples, however, deviate from the diagonal, indicating the presence of outliers; with
experiments 600 NmlC H, /gVS away from their real values. This is an issue of outliers that
is discussed in the subsequent chapter. Nevertheless, the model’s overall predictive ability
is strong, validating the hypothesis that early kinetic signals are sufficient to approximate
the final BMP yield.
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Figure 1: Cross-Validated Predicted vs. Actual BMP

== 1:1 Line (Actual Value} -
1400 ‘"’

1200 ,”’ '

1000 ,./

] *f’,"‘.‘.
.,ﬂ.

k" o0 o
® 2%

e ®

800 A
600 -

400

o @

200 A

600 800
Actual Final BMP

1000 1200 1400

Figure 5.2: Cross-validated predicted vs. Actual BMP values from the Random Forest

model

table 5.1 presents a sample of the experimental results and the predicted BMP values. The

table shows that the predicted values are close to their true values, with small deviations

attributable to the natural variation of the biological process [68].

Experiment ID Final BMP Predicted BMP

21R570 - A 357.59 357.32
21R570 - B 383.27 383.82
21R570 - C 322.31 323.48
21R582/01 - A 89.94 185.55
21R582/01 - B 148.82 150.99
21R582/02 - A 105.27 99.1

21R582/02 - B 125.39 117.67
21R582/03 - A 160.97 145.80
HTC 180-0 - A 205.05 125.33
HTC 180-0 - B 197.81 126.88

Table 5.1: Predictions vs. Actual BMP Values from Random Forest

Feature Importance Analysis

One advantage of the RF model is its ability to produce a measure of feature importance,

which provides insight into which features are more influential in the prediction process
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[5]. fig. 5.4 is an illustration of the “features importance” plot generated by the model for

the four input features.

1. bmp_at_window_end: this feature stands for the biochemical methane potential at
the end of the time window, which has an importance score of around 0.65, the
highest between the other features, indicating that it is the most influential feature.
This can be intuitively explained as early methane production levels are directly
related to the degree of substrate degradability and its methane potential [24]. For
example, food waste is rich in carbohydrates and lipids, which promote rapid hy-
drolysis. This leads to a sharp increase in methane production in the first few days,
indicating that the substrate is highly degradable and that it will eventually reach
a high final BMP at the end of the experiment [68]. On the other hand, animal ma-
nure is composed mostly of proteins, which makes its hydrolysis slower and results
in lower methane production in the initial days, indicating relatively lower BMP

values at the end of the experiment.

2. Avg_rate_at_window: the average methane production rate over the early time
window. This feature is an indicator of the inoculum’s microbial activity [68]; it
has a relatively high score on the feature importance plot. Samples with higher
early average rates correspond to higher final BMP values. This indicates that if
the inoculum bacterial community is active initially, it is more likely to continue

digesting the substrate, leading to a higher final BMP yield.

3. Max_rate_at_window: corresponds to the maximum methane production rate over
the window. This differentiates between substrates that produce methane quickly

but plateau at lower yields, and those that yield higher final production.

4. Time_to_max_rate: while the time to reach maximum methane production rate
has a relatively lower score at the feature importance indicator, it still serves as
an insight into the lag phases of methane production; samples with short lag, or
lower time feature, reached higher yields more rapidly, while others with delayed

hydrolysis needed more time.

Overall, these results confirm that early methane kinetics are influential in predicting
BMP.



34 5| Machine Learning for Kinetic-Based BMP Prediction

Figure 2: Feature Importance (Full Model)
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Figure 5.3: Random Forest Feature Importance plot

The RF model shows that early biomethane production dynamics are powerful predictors
of the final BMP. The high R? value (0.91 over 5 days) indicates that the final BMP

variance can be explained by initial production behavior.

The feature analysis illustrates the importance of substrate degradability as an indicator
for the final BMP; it aligns with the biological behavior of anaerobic digestion, where
initially faster processes tend to be more degradable and accordingly yield higher values

of biomethane.

While the RF algorithm achieves strong predictive accuracy, it remains a data-driven
approach that does not account for the biochemical kinetics behind the whole process.
This approach is also classical in the field of BMP prediction and is used here as a baseline

for kinetic analysis on which the final model is built.

5.4. Identification of Outliers and Kinetic Variability

As mentioned previously in the parity plot analysis chapter 5, the RF model performs
relatively well, except for samples with notable deviations from their true values. The
deviations indicate that the model underestimates or overestimates the predicted BMP
for some experiments. These experiments contribute to the relatively high MAE and
RMSE and are therefore considered outliers. The term stems from the fact that such

samples do not exhibit the same behavior as the rest of the experiments [60], which is
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why the model fails to predict their outcome. While removing such outliers could enhance
the model’s performance metrics, it risks losing the dataset’s generalization and diversity.
Because the model is not exposed to the variable nature of the experiments, overfitting
arises: the model learns the dataset too well and cannot generalize to broader datasets.
In this section, rather than discarding the outliers, they are examined, and the reasons
behind the discrepancies are investigated. The results will later serve as a cornerstone in

the development of the final predictive model.

5.4.1. Biomethane Production Time-Profile Analysis

table 5.2 presents a sample of different experiments from the dataset, each along with its
corresponding early kinetic features. The extracted features show that each experiment
exhibits a different rate of biomethane production. By analyzing the patterns, the ex-
periments can be categorized into three kinetic groups: slow digestion, normal, and fast
digestion. This is best highlighted by the window feature, where an experiment has a rate
of 13.32 Nml/hour, another an average of 4.85 Nml/hour, and another of 0.824 Nml/hour.

Table 5.2: Sample of experiments with their early kinetic features

Experiment ‘ bmp_at_window_end average_rate_at_window ‘ maximum_rate_at_window ‘ time_to_maximum_rate ‘ Final BMP

21R610/02-B 959.20 13.32 32.17 29.00 977.63
12NC- A 349.28 4.851057 24.66 14.50 362.70
CHAR B 59.36 0.82 2.38 11.75 64.44

Such diverse behavior is typical of a non-overfitting database; it is a collection of hetero-
geneous experiments. However, during model training, the ML algorithm tries to find a
general trend between the input features and the target output. If such a trend holds for

most samples but not for certain others, an outlier problem arises, as in the RF model.

To address the issue of outliers, since the dataset is relatively small and allows tracking
each experiment, an assessment is performed to identify the experiments with the highest
prediction errors. A sample of such cases is presented in table 5.3 where the outliers, along
with their early kinetics and error of prediction, are reported. This analysis shows that
digestion ceases early in some experiments, with others finishing around 3 days. Another
observation is that others with slow kinetics at the start kick off mid-process and produce
high methane values, which is not expected from slower experiments. It should be noted
that the conclusions drawn in this section also apply to a 5-day time window; the window

length does not improve the prediction of these outliers.
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Table 5.3: Prediction errors for outliers

‘ Experiment ‘ bmp at window end ‘ average rate at window ‘ Real BMP ‘ Predicted BMP ‘ Error

24R888/01 - B 304.34 4.22 1064.58 330.36 | 734.22
24R938/01-A 18.73 0.26 813.36 219.32 | 594.00
24R938/01-B 7.80 0.108 767.46 36.70 | 730.76
6-B 555.11 7.71 895.63 567.23 | 328.42
T-A 953.22 13.24 1349.15 890.76 | 458.39

5.4.2. Analysis of Outlier Behavior

Seeing as the average rate of methane production has the highest score on the feature scale,
it is used as an assessment metric for the outliers. For example, the 24R938/01-A and
24R938/01-B experiments started off with very small average rates of 0.26 NmlC' H,/hour
and 0.108382 NmlC'H,/hour, respectively. Typically, based on experiments, a sample
of this rate would produce BMP in the range of 20-200. However, each experiment is
reported to produce very high BMP in the range of 700 Nml C'H,/gVS. This behaviour

is observed across several experiments of the dataset, fig. 5.4.

Experiment: 24R888/01 - B

Figure 5.4: cumulative biomethane production for sample "24R888/01 - B" over time

There are also experiments that conclude in the early hours, before the end of the window.
“bplas solido-A,” for example, concludes at 70 hours, meaning that its extracted features
reflect a completed process. These behaviors call for identifying the categories that classify
the experiments. From here, the idea of using a clustering algorithm to understand the

problem of outliers emerges.
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5.5. Clustering of Kinetic Profiles

Clustering is a machine learning model that groups similar data together [70]. To formu-
late the clustering problem, the K-means algorithm is utilized. K-means is an unsuper-
vised learning technique in which the algorithm learns a separation criterion for grouping

cach datapoint with other datapoints that show similar behaviour [70].

This algorithm ensures that each experiment belongs to only one group or cluster and
that no overlap occurs between the other clusters [48]. It works by grouping points based
on a distance criterion relative to a predefined centroid, initially selected at random [57].
Each point is then assessed based on how close it is to a given centroid; the distance is
compared with a threshold that groups points that are close together, indicating similar
features. Once initial groups have been formed, a reassessment is performed, and the

initial groups are recentered with new centroids computed.

The most commonly used distance metric is the Euclidean distance, which measures how
far a new point is from each centroid of the several clusters [57]. The problem is then
formulated as a minimization problem in which each point is assigned to a specific cluster

based on the calculated distance.

Since the algorithm is unsupervised, the groups are ambiguous at the beginning; it is the
model’s task to find the best grouping of similar experiments. The chosen parameter is

“k,” the number of clusters to be formed.

5.5.1. Clustering Methodology and Implementation

The model is implemented in Python using the Scikit-learn library. The model first
processes the raw time-series data to extract the kinetic features from the 72-hour window.
These features are scaled and fed to the K-Means clustering algorithm; k is set to 3 to
create 3 clusters. Once the clusters are formed and are ambiguous, the mean average
rate for each cluster is calculated to assign a label. Three groups are then created: slow,
average, and fast. The distribution of the final BMP for each cluster is illustrated in
fig. 5.9.
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5.5.2. Cluster Interpretation
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Figure 5.5: Three distinct clusters, slow, average, and fast, categorizing the biomethane

production profile from the 3-means algorithm

In addition to demonstrating that the clustering model successfully forms three clusters
based on the kinetics, the distribution plot provides insight into the process’s physics
and dynamics. The “fast” cluster exhibits the highest BMP values, above 600 mlCH4.
The “average” cluster, on the other hand, shows an average yield in the range of (300-
600) NmlC'H,/gVS, while the “slow” cluster has low methane production, often below
200 NmlC'H,/gVS. Another significant interpretation inferred from the distribution plot
is that all data points, including the outliers, were clustered. This confirms the idea that
the points that the RF model fails to predict are not noise but experiments with unique

kinetic behavior.

In conclusion, the clustering algorithm reveals three distinct kinetic profiles of the diges-
tion process. By separating these groups, it is confirmed that early kinetics influence the
final BMP and that the dataset’s heterogeneity is an essential characteristic. While most
datapoints in the clusters had close BMP values, some deviated from their respective
groups, indicating differences in the underlying reaction dynamics. To better understand

these variations, the kinetic behavior of the digestion process is quantified next.
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5.6. Mathematical Modeling of Methane Production

Kinetics

The Clustering algorithm provides a data-driven classification of the experiments based
on their early kinetic features. This, however, is not sufficient to understand the dynamics
of the digestion process and interpret it physically. For this, kinetic modeling is discussed
to quantify the process’s physical behavior into meaningful, interpretable parameters.
Two models are discussed in this section, the first-order kinetic model and the modified

Gompertz model for the description of the temporal dynamics of the methane production.

5.6.1. First-order Kinetic Model

In most industrial and laboratory-scale applications, methane production dynamics are
often described using first-order kinetics. This model is widely used owing to its simplic-
ity and because the methane production series can be approximated by an exponential
function [14]. eq. (5.7) illustrates the general form of the first-order kinetic equation for

cumulative methane production.

BMP(t) = BMPy, - (1 —e™) (5.7)

Where:
e BMP(t): the cumulative methane yield at time t
e BMP,.: the final methane potential
e k: the degradation speed

As its name suggests, the model assumes that the overall digestion process is limited
by a single first-order reaction, mainly the hydrolysis [57]. This simplifies the 4 stages
of anaerobic digestion by treating the methane generation rate as proportional to the

concentration of the residual biodegradable material [63].

The parameter k gives insight into how rapidly the substrate undergoes biodegradation
and is an indicator of the microbial activity [57]. Once the degradation rate k is known, the
evolution of methane production can be quantified, allowing for a better understanding
of the kinetics. A higher k indicates faster degradation and shorter digestion time, while

a lower k indicates a slower and more complex degradation process [57].

fig. 5.6 and fig. 5.7 illustrate the effect of different values of k on methane production
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dynamics, as evidenced by the distinct shapes of the yield curves. Curves with higher k
rise more rapidly and reach the final BMP in fewer days, while the ones with smaller k

degrade over a prolonged period.
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Figure 5.6: First-Order Kinetic model fit to the experimental biomethane production of
sample "21R565/02-B", degradation rate constant = 0.095
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Figure 5.7: First-Order Kinetic model fit to the experimental biomethane production of
sample "21R565/02-B", degradation rate constant = 0.044

Knowledge of k, when integrated with a machine learning algorithm, enhances its ability to

differentiate between experiments based on their biodegradation profiles. The RF model
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fails in some cases because it lacks this knowledge, which holds invaluable information
and influences the final BMP.

5.6.2. Modified Gompertz Model

While the first-order kinetic model provides a simple and interpretable framework for
describing methane production dynamics, it does not explicitly capture the lag phase,
an important characteristic of anaerobic digestion experiments [23]. The lag phase is
the time required for the inoculum to acclimate to the new substrate before significant
methane production begins [11|. During this stage, the microbial community undergoes
physiological adaptation, enzyme induction, and the breakdown of inhibitory compounds
that may initially suppress their activity [11]. Consequently, little to no methane is

produced during this period, and the methane production curve exhibits a delayed rise.

To address this limitation of the first-order model, many studies, such as [11], have adopted
the Modified Gompertz (MG) model, which has been shown to fit cumulative methane
production curves with high accuracy. It is especially powerful in cases where there is
a lag period before the substrate degrades and the exponential gas production begins.
fig. 5.8 is an example of this type of experiment, where there is a sufficiently long lag

period before the reaction kicks off and BMP production increases.
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Figure 5.8: cumulative biomethane production curve for sample '23R813/03 - B’; illus-

trating a substantial lag phase

By including the lag phase, the MG model provides a more credible representation of
the three distinct phases of the BMP curve: the lag phase, the exponential methane
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production phase, and the plateau where production saturates and the maximum potential
is reached [52]. fig. 5.9 is a representation of the BMP curve in reference to the MG model,
where 1, is the maximum specific growth rate, graphically, the tangent at the inflection

point, and A is the lag phase.

o m

Cumulative biogas production

time

Figure 5.9: Biomethane production curve fitted to the Modified Gompertz model, u,, the

maximum specific growth rate, A is the lag phase [36]

The Modified Gompertz equation for cumulative methane production is as follows:

BMP(t) = BM Py, - exp (- exp (gI;}XP':(A — )+ 1>> (5.8)

Where:
e BMP(t): the cumulative methane yield at time (¢)
e BMP,.: the final methane potential

e BMP(t): the maximum methane production rate

A: the lag phase duration (days)
e ¢: Euler’s number (~ 2.718)

Compared to the first-order model, the MG model provides greater insight into the pro-
cess’s kinetic behavior by decoupling the effect of microbial adaptation, represented by

A, from the degradation rate, represented by R,,... By adopting this representation, the
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model enables a more accurate interpretation of the behaviors of different substrates, as

highlighted earlier with the outliers.

In a later section, these kinetic parameters are integrated within the final physics-informed
neural network, allowing it to learn both the data trends and the underlying biological

dynamics governing methane production.

5.7. Conclusion

By analyzing the outliers that the RF failed to predict, distinct behavioral patterns across
experiments are revealed. To visualize this diversity, a clustering model is implemented
that groups the experiments into three clusters based on their degradation rates: slow,
average, and fast. These behaviors are further illustrated mathematically by the first-
order and modified Gompertz models, which describe the process’s dynamics. Overall,
this analysis highlights the importance of embedding the kinetic knowledge of anaerobic

digestion into the machine learning frameworks to improve interpretability.
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6 ‘ Neural Network-Based BMP

Prediction

6.1. Introduction

The Random Forest approach is a classical method for predicting the final BMP and has
been used by several studies. To introduce a more innovative approach, this work next
investigates neural network-based methods. Given the non-linear nature of the relation-
ships among the parameters contributing to biochemical methane potential production,
the neural network algorithm is a promising candidate for the problem. In this section,
several deep learning algorithms are assessed as potential candidates for the final model,

along with a data augmentation model to address data scarcity.

6.2. Feed Forward Neural Networks Architecture

A standard feed-forward neural network is first developed and evaluated as a baseline
model. The feed-forward network (FFN) is an architecture that processes information in
one direction, from the input to the output, without feedback connections. The developed
algorithm is designed to learn a mapping from the experiment’s initial conditions to the
final BMP. The purpose of this model is to both test the capability of standard data-driven
approaches to capture the relationship between substrate features and the final BMP and
to provide a baseline against which different advanced methods, such as generative and

physics-informed models, are compared.
For the BMP prediction, the model is visualized in fig. 6.1 and is structured as follows:

e Input Layer: This is the first layer in the architecture; it receives the features
describing each experiment. With the labelled dataset utilized in this model, the
inputs are of two types: quantitative and qualitative. The quantitative variables
are the Volatile Solids (VS, mg/L) and Temperature (°C); they are provided as

numerical features directly fed to the input nodes. The qualitative variable is the
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substrate type, which spans PS;, AW, BW, and SS, as discussed previously. As the

substrate is a categorical

Hidden Layers: Following the input layer, the network contains two fully connected
hidden layers with 64 neurons each. The neurons are responsible for the learning
of the non-linear relationship between the input features. Each neuron receives
inputs from the previous layer, applies learned weights and biases, and then passes
them through a non-linear activation function. The Rectified Linear Unit (ReLU)
is adopted as the activation function for its computational efficiency and ability
to mitigate vanishing gradients [19]. The hidden layers thus learn the complex,

non-linear relationships between the substrate characteristics and the BMP.

Output layer: The final layer consists of a single neuron with a linear activation
function that predicts the final BMP.

VS (mg/L)

Temperature

Figure 6.1: Feed Forward Neural Network Architecture for predicting BMP

6.3. Model Training and Evaluation

Prior to training, the dataset is preprocessed: quantitative features are standardized, and

qualitative features are one-hot encoded. The dataset is then split into training and test

sets (80/20). The model is implemented using the TensorFlow/Keras library and trained

with the Adam optimizer at a learning rate of 0.001 for 500 epochs and a batch size of
32. The MAE is used as the loss function, as it is more robust to outliers than the MSE
[73]. A 10% split is used for validation to monitor overfitting. algorithm 6.1 outlines this

learning process.
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Algorithm 6.1 Pseudocode for Feed-Forward Neural Network (FFN) Training and Evalu-
ation

1:

10:
11:
12:

Input: Labeled dataset with static features (V.S, Temperature, Substrate) and target
BMPfinal

: Preprocess data:

e Standardize quantitative features (VS, Temperature)
e One-hot encode categorical substrate feature
e Split dataset into training (80%) and testing (20%)
Define neural network architecture:
e Input layer with 4 nodes (feature vector)
e Two hidden layers with 64 neurons each, activation = ReLLU
e QOutput layer with 1 neuron, activation = linear
Initialize optimizer = Adam(/r = 0.001) and loss function = MAE
for epoch = 1 to 500 do
Forward propagate training data through the network
Compute MAE loss between predicted and true BM Pfipa
Backpropagate errors and update weights via Adam optimizer
Validate on 10% validation set to monitor overfitting
end for
Evaluate model on test set using R?, MAE, RMSE
Generate visualization: Predicted vs. Actual BMP scatter plot

6.3.1. Model Performance

The trained FFN achieves an MAE of 130.8 NmLC H,/gVS and an R? score of only 0.19,

indicating very limited predictive accuracy. As illustrated in fig. 6.2, the network tends to

underestimate high BMP values and converges towards an average BMP at lower values.

This behaviour suggests that the model is incapable of generalizing beyond the lower

range of the training data and learns a number that best fits all conditions, even when it

is wrong.
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Figure 6.2: Actual vs. Predicted Final BMP from the Feed Forward Neural Network

Model

The limited predictive outcome of the model is expected; purely data-driven neural net-

works are known to be data-hungry and prone to overfitting when trained on a small

dataset like the one at hand [51]. The model fails to capture the underlying kinetics of

anaerobic digestion, highlighting the limitations of standard neural networks for BMP

prediction. Consequently, these results motivate the integration of data-augmentation

techniques, such as the Generative Adversarial Network model, to enhance generaliza-

tion.
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Generative Models

7.1. Introduction

Given the complexity of anaerobic digestion and the variability of substrates, a small
dataset is insufficient for neural network models to accely predict final BMP. This limita-
tion motivates the exploration of data augmentation techniques to widen and enrich the
dataset. Generative Adversarial Networks are thus introduced as a framework capable of
generating realistic samples that behave like the dataset to enhance the training of pre-
dictive models [34]. This approach is employed by the authors in [65] where the dataset

is scarce and is augmented accordingly.

7.2. Vanilla GAN Framework

To overcome the challenge of data scarcity, the Generative Adversarial Networks, usually
referred to as vanilla GAN, model is explored as a potential data augmentation. The
motivation behind the choice of GANs is their ability to augment scarce datasets by
learning the underlying distribution and relationships in the input dataset and generating
realistic synthetic samples [34]. GANs have been widely used in fields such as biomedical
imaging [43|, materials science [45], and biochemical engineering [44|, where data are

scarce and further analysis or inference may be hindered by this scarcity.

In the context of BMP prediction, specifically in this case, GANs are used to enrich the
dataset by capturing relationships between substrate type, VS, temperature, and the final
BMP yield. This helps alleviate data scarcity and better predict the final BMP for new

experiments, using models such as neural networks.

GANSs are a class of generative models with two main neural network components: the
generator and the discriminator [58]. The generator, as its name suggests, is responsible

for generating synthetic BMP data that resemble real experimental outcomes. In this
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setup, the generator takes as input a random noise vector z, sampled from a standard
distribution. It then transforms this input through multiple fully connected layers with
nonlinear activation functions to produce the final BMP value. The algorithm can be
extended to produce a full-time-series BMP curve from the hourly BMP production data

fed as input.

As it trains, the generator learns to produce outputs that approximate the statistical dis-
tribution of real BMP values, rather than isolated points [21]. Thus, this allows simulating

“new experiments” without running an anaerobic digestion trial.

On the other hand, the discriminator serves as a critic or judge of the data generated
by the generator [21]. During training, the discriminator improves at detecting small
discrepancies between the synthetic and real BMP values. Simultaneously, the generator
adjusts its parameters to “fool” the discriminator by producing more realistic samples

than the preceding. An illustration of this algorithm is presented in fig. 7.1.
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Figure 7.1: Architecture and training workflow of a Generative Adversarial Network model
[49]

The interaction between the generator and the discriminator is referred to as an adversarial
training process, in which the generator tries to minimize its ability to distinguish fake
data, and the discriminator tries to maximize its classification accuracy. This interaction

by a loss function:

mén max Erpina(@log D(x)] + E..p_(-)[log(1 — D(G(2)))] (7.1)

Where:
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e 1: the real data sample
e 2: the noise vector

e (5: generator

e [D: discriminator

Training alternates between updating the discriminator with real and fake data and up-

dating the generator based on the discriminator’s feedback [37].

7.3. conditional GAN (cGAN)

In a vanilla GAN with two networks — the generator and the discriminator —the gener-
ator relies on random noise as input, without access to the dataset’s contextual features
[21]. This means that many of the generated data points correspond to the same noise
vector, resulting in a collapse towards a single BMP yield value, which narrows the ad-

versarial loss without generalizing to a broader set of data.

For this purpose, rather than using a vanilla GAN, a conditional GAN (¢cGAN) is used
to capture the effect of input features on the BMP in the augmented dataset [55].

The main difference between the two algorithms is that in addition to the noise vector,
the generator and discriminator are conditioned on an additional input vector ¢ [55]. ¢
represents the static features from substrate category, volatile solids, and temperature;

this comparison between the two models is visualized in fig. 7.2
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Figure 7.2: Comparison of GAN and ¢cGAN architectures [12]
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The generator of the cGAN learns the mapping:

G:(z,¢c) > 2

Where:

: generated BMP prediction

[ J
>

e c: input vector
e z: noise vector
e (5: generator

The discriminator, on the other hand, takes as input the static features, along with the
generated and real BMP curves. It then processes these inputs through its own neural

network and outputs a probability score for the generated data.

D(z|c) € [0,1]

The output of the discriminator indicates whether the input sample x, conditioned on c,

is real or fake; a value close to 1 implies real and a value close to 0 implies fake.

The loss function for the cGAN is:

mgn max Errpn (@ [10g D(z|c)] + E.p_ () [log(1 — D(G(z]c)))] (7.2)

7.4. Implementation and Preprocessing

The algorithm is developed in Python, leveraging open-source libraries for deep learning
and scientific computing. TensorFlow is used for building and complex training of the
neural networks. Scikit-learn is also used to normalize numerical features and one-hot-
encode the substrates. Moreover, Pandas is used to extract data from Excel files and
transform them into machine-readable data suitable for time analysis. Another library
used is NumPy, which facilitates mathematical operations, especially for computing the
loss function. For output visualization and plot generation, Matplotlib and Seaborn are

used.
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7.4.1. Data Preprocessing

The raw experimental data, stored in .xlsx files, requires preprocessing to be suitable
for the deep learning model. For this, each data file is processed by the built-in func-
tion load_and_reshape_data; the wide-format raw data is transformed into long format,
resulting in a DataFrame with distinct columns for experiment identification, time, and
cumulative BMP.

As stated before, the static features serve as conditioning variables for the GAN. The
numerical features, VS and temperature, are standardized using a proper function to
have a mean of zero and a standard deviation of one. This normalization is essential
for stabilizing neural network training by preventing features with larger scales from
dominating the learning process. As for the categorical features, they are converted to
numerical format using the built-in OneHotEncoder function. This creates a binary vector
for each category, preventing the model from assuming an incorrect relationship between
the substrates. fig. 7.3 is an illustration of the heat map visualizing the one-hot encoding
output of the features. Each row on the y-axis represents one of the unique substrate
categories (AW, BW, PS, SS). Each column on the x-axis represents a single experiment.
The yellow square in the figure indicates a 1, meaning that the experiment used that
specific substrate. The purple square, on the other hand, represents 0 for the other

categories in that column.

The time series curves are also normalized using the StandardScaler function; since
GANSs require inputs of fixed size, all BMP sequences are padded to a uniform length.

This concludes the necessary data preprocessing required for the algorithm.
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Ome-Hot Encoding of Substrate Feature
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Figure 7.3: Heat map of the One-Hot Encoding of the categorical substrates features,

each column is an experiment, and a yellow cell indicates the substrate used

7.4.2. Model Architecture

Moving on to the architecture of the cGAN network, the generator is designed to learn
the kinetic parameters that govern the shape of the generated curve. For input, a random
noise vector z sampled from a standard normal distribution is fed in addition to the pre-
processed static feature vector c. The two inputs are concatenated and passed through a

series of dense layers to create a shared feature representation.

The generator produces synthetic cumulative methane production curves that mimic the
temporal behavior observed in the real experiments. The discriminator, on the other
hand, takes both the generated BMP curve as well as the corresponding conditioning
feature vector c¢. The discriminator employs a series of convolutional layers with leaky

rectified linear unit (LeakyReLU) activation function and dropout regularization.

The LeakyReLU is an enhancement of the standard linear activation function; it pre-
vents dead neurons from forming and improves training [53]. Dropout is a regularization
technique that prevents overfitting; as its name suggests, it randomly “drops out” or de-
activates a group of neurons at each training iteration, forcing robust training [69]. This
convolutional structure is essential for distinguishing local patterns and features within

the time series.
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The conditioning vector, on the other hand, is processed through a dense layer and re-
shaped to be augmented with the curve input, ensuring that the discriminator’s decision
is feature aware. The discriminator’s output is a scalar probability value between 0 and

1, where 0 indicates a fake and 1 indicates a real.

Algorithm 7.1 Pseudocode for Conditional GAN (cGAN) Training
1: Input: Real BMP samples z, conditioning features ¢ (VS, Temperature, Substrate),

and random noise z
2: Initialize generator G and discriminator D networks with random weights
3: for epoch = 1 to N (e.g., 5000) do
4:  Sample minibatch of real data (z,c) from dataset
5. Sample random noise vectors z ~ p,(z)
6:  Generate synthetic BMP samples z = G(z|c)
7. Update Discriminator:
e Compute Lp = —[log D(z|c) + log(1 — D(z|c))]
e Backpropagate and update D’s weights to minimize Lp
8: Update Generator:
e Compute Lg = —log D(G(z|c))
e Backpropagate and update G’s weights to minimize Lg
9:  Optionally apply early stopping if losses converge
10: end for
11: Generate synthetic BMP curves ., = G(z|c) for data augmentation

12: Evaluate quality via visual comparison and distribution alignment with real data

7.4.3. Results and Discussion

Several cGAN models are trained for the prediction of BMP, including standard and
Wasserstein ¢cGAN, a special type of cGAN that uses Earth Mover’s Distance as a loss
function [4]. After running for approximately 5000 epochs with early stopping, the distri-
bution of cGAN outputs is shown in fig. 7.4. As shown, the model collapses to a narrow

range of experiments, centered around 200 NmlC' H,/gVS.
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Distribution of Final BMP Values
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Figure 7.4: Distribution of Real vs. Generated Final BMP values from the cGAN

Compared to real data, which spans a wide range of BMP values, the cGAN model
collapses to a small range. The generated data falls within the range of the final BMP’s
average value, avoiding other BMP values that are less frequent in the dataset. This model
collapse is further illustrated in fig. 7.6, which compares the real and generated biomethane
production curves. This figure checks whether the cGAN output actually matches the
profiles of the dataset samples. The generated curves fail to capture the exponential
shape of the real curves; they produce an almost flat line at 250 NmlC H,/gVS with an
initial impulse or spike. This is proof that the Generator fails to capture the process

kinetics and instead produces a constant value around the average BMP.



7| Data Augmentation using Generative Models 57

Visual Check: Real vs. Generated Curves
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Figure 7.5: Comparison between real and generated biomethane production curves

To further visualize this model collapse, a loss history plot is generated, showing the evo-
lution of the generator’s and discriminator’s losses. The plot shows the instability in the
Generator’s learning and data production. Initially, before 200 epochs, there is a volatile
but stable balance between the Discriminator and Generator losses. However, beyond
this, the Generator loss spikes at 250 epochs and the Discriminator’s plummets. The
Generator Loss remains high, in the order of 1.6, while the discriminator’s is in the order
of 0.6. This indicates that the Generator, while initially able to pass the Discriminator,
has generated noise or very few samples that the Discriminator can now distinguish and

label as fake, a sign of model collapse.
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Figure 7.6: ¢GAN Generator and Discriminator Loss History Plot
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7.4.4. Results Discussion

This failure can be explained by several reasons, and limited feature variability is one
of them. While it is true that the labelled dataset is more representative and provides
greater insight into the influence of static features on the final BMP, the variability of these
features remains limited. For example, there are only 4 substrate classes available, with
ones that are less frequent than the others; in other words, some are underrepresented.
This imbalance prevents the model from learning the variability in substrates and their
impact on BMP. Therefore, the GAN fails to produce a dataset that generalizes across
different conditions because it is trained on a small, uneven sample of experiments per

substrate type.

Moreover, another example of limited data variability is the temperature. Although it is
regarded as a quantitative input feature, the temperature is typically 35°C across most
experiments, with a few experiments tested at 50°C. With a limited and narrow range like
this, the GAN’s ability to capture the influence of the temperature is limited. Therefore,
the model collapse can be explained as follows: with a small, limited dataset, the model
is prone to fail; in this case, it learns an average value that it outputs regardless of the
different inputs. Consequently, despite the theoretical advantages of the GAN model for
data augmentation, its performance is highly dependent on the size and diversity of the
training dataset. This calls for another solution to the data scarcity problem that hinders

the models’ learning.
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8 ‘ Semi-Supervised
Physics-Informed Framework
for BMP Prediction

8.1. Introduction

Given that data augmentation is not a feasible solution for the problem of limited labeled
data, the availability of an unlabeled dataset is leveraged as a solution. This section
focuses on using both labeled and unlabeled information for model training while main-
taining consistency with the biochemical process. The Physics-Informed Neural Network
(PINN), along with a parameter model and an autoencoder (AE), is proposed as a final
model for predicting BMP. Unlike previous data-driven models, PINNs incorporate do-
main knowledge, making them interpretable and able to learn even from scarce or noisy
data [62].

8.2. The Autoencoder Model

The authors in [61] define an autoencoder as an algorithm that can reconstruct input
observations; this reconstruction is achieved by learning the trends in unlabeled datasets
and extracting information. The strength of the autoencoder lies in its reliance on un-
labeled datasets for prediction via unsupervised learning [71]. This fact is leveraged by
feeding the model both the early-window time-series curves from the unlabeled dataset
and the labeled data from known experimental conditions. By combining both datasets,
the model builds a large input dataset to extract latent kinetic parameters, thereby es-
tablishing a semi-supervised framework. These extracted parameters are then fed to the

parameter model as features for predicting the final BMP.
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8.2.1. Architecture Overview

Structure-wise, the autoencoder’s architecture has three main components: the encoder,
the latent space, and the decoder [61], fig. 8.1. As illustrated, the AE is structured as a
multi-layer perceptron to reconstruct the input.

Encoder Latent Decoder

Space

t t

Input Data Encoded Data Reconstructed Data

Figure 8.1: Architecture of Autoencoder

The encoder is the first component of the architecture; it takes the input dataset and the
early methane production curve from 5 days and compresses them into a lower dimension
[39]. This compression is essential to avoid overfitting and to retain data that best rep-
resent the whole set [39]. In this study, the encoder is implemented using stacked long
short-term memory (LSTM) layers, which are designed to capture sequential dependencies

over time.

The LSTM autoencoder differs from the conventional feed-forward autoencoder discussed
previously, which maps each input sample to a lower dimension [17]. The LSTM au-
toencoder, on the other hand, summarizes the entire input sequence into a single latent
vector that represents the underlying dynamic behavior of the process [33]. This latent

representation is then utilized by the following components of the model.
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Mathematical Formulation

The early methane production time series for one experiment is represented as:

r=[x1,29,...,27], z€R (8.1)

Where T is the number of time steps within the early observation window. The encoder
consists of stacked LSTM layers that sequentially process x to produce a latent repre-
sentation z €R%. Each LSTM cell then updates its hidden state h; and cell state ¢; as
the equations in the Appendix illustrate. The final hidden state of the encoder, textbfh;,

represents the latent vector:

2z =M (8.2)

This vector encodes the essential temporal information of the sequence in a compact
form, thereby summarizing the early behavior of methane production. In other words,
the z vector encodes the shape, rate, and dynamics of methane production in the early
phase. It captures hidden temporal patterns, such as digestion rate, lag phase, and
trends in microbial activity, without being explicitly told what each signifies; it is thus

unsupervised.

After the encoder processes the time-series data with the LSTM layers, the z vector is
passed through the second component of the AE —the latent space, or bottleneck. The
main role of the bottleneck is to ensure dimensionality reduction, forcing the model to
only retain the most relevant features while discarding noisy or redundant information
[61]]. Thus, rather than memorizing every input sequence, which is impossible, the model
learns an abstract representation of the dynamics of methane production. The bottleneck

then acts as a storage of the vector z [61].

The final stage of the AE structure is the decoder. It takes as input the z vector stored
in the bottleneck and reconstructs the original time-series sequence —here, the methane
production curve. Consequently, the decoder reverses the compression performed by the
encoder, thereby learning to expand the compressed patterns and features back into the
full methane production series [61]. The reconstruction stage trains the encoder-decoder
pair to learn meaningful latent representations that capture the system’s physical dynam-

ics.

Mathematically, this process is formulated as follows:

XI:T = fdecoder(z) (83)
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Where:
e z: the latent vector from the bottleneck
e X,.7: the reconstructed methane production sequence

® ficcoder(.): decoder function parametrized by stacked LSTM layers followed by a

dense output layer.

The reconstruction process has a minimization function that measures how well the de-
coder’s output matches the original input. For this model, the AE is trained by minimiz-
ing the MSE between the input and reconstructed methane production sequences. This
ensures that the latent space preserves the dominant temporal structure present in the

early-stage data. Mathematically, it is represented as follows:

L"Ag = MSE(XlzTyXl:T) (84)

Once training is complete, the encoder is used alone as a feature extractor; it is responsible
for translating the raw early production time series into a compact latent vector. This
vector is then used as input for the following models, constructed using this hybrid data-

driven and physics-informed framework.

In reference to the RF model’s limitation of failing to capture temporal dynamics in the
unlabelled dataset, the autoencoder addresses this limitation. Rather than relying on
predefined, limited kinetic features that do not capture hidden dynamics, as previously
presented, the latent vector encodes what the RF could not represent. The z vector
comprises information on the presence of a lag phase, differences in microbial activity,
and other variations in initial methane production rates. With these extensive temporal
features, the subsequent model receives more information about the type of digestion
taking place, whether it is slow, average, or fast. Thus, the encoder successfully addresses

one of the core limitations observed in the RF predictions.

8.2.2. Data Preprocessing

Seeing as the unlabeled and labeled datasets exhibit different behaviors, data prepro-
cessing is essential for consistency; the labeled data are from known substrates with a
structured pattern, while the unlabeled data exhibit diverse behaviors not present in
the labeled data. Each experimental curve is first interpolated to a maximum length to
maintain consistent input dimensions across all samples. After interpolation, which is

necessary, especially for very fast samples, the curves are truncated, retaining only the
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first 120 hours.

Rather than the usual normalization of data to zero mean and unit variance, a global
normalization is applied. This is performed by first calculating the mean and standard
deviation of the combined dataset. These values are then used to scale every point on the

curve for each sample. This ensures consistency across the different experiments.

8.2.3. Implementation Details

For the model design, the encoder consists of two LSTM layers with 64 and 32 units,
followed by a dense layer producing a 16-dimensional latent vector, the z vector. These
hyperparameters are determined through iterative experimentation and validation-based
tuning [22|. This vector captures the intrinsic temporal dynamics of the digestion process

without requiring explicit supervision.

Moving on to the decoder, it reconstructs the input sequence from the latent vector. Its
architecture mirrors the encoder’s structure but performs an inverse operation: instead
of compressing temporal information, it expands the low-dimensional latent representa-
tion back into a full-length time sequence. The first stage of the decoder begins with
a RepeatVector layer, which replicates the z vector across all time steps of the target
sequence. This ensures that each LSTM cell in the decoder receives the same latent
context as it generates the temporal output sequentially. This repeated representation
is then passed through two stacked LSTM layers, with 32 and 64 hidden layers, respec-
tively. These layers then decode the temporal dependencies and generate the methane

production over time.

This model is implemented using TensorFlow (Keras API). The autoencoder is trained
for 200 epochs with a batch size of 16 using the Adam optimizer, with a learning rate of
0.001. The loss function is the MSE between the reconstructed and the original methane
sequences. After training, only the encoder component is retained and used as a feature
extractor in the following stages of the model pipeline. Each methane vector is passed
through the encoder to obtain its latent vector,z, which is then used as input to the

parameter estimation network and the PINN.
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Algorithm 8.1 LSTM Autoencoder Training for Latent Feature Extraction

1:

O W W W NN N D N NN NN NN R R e e
S N e = R T o I L S N T = T =T o B S I T =)

Input: Labeled curves, unlabeled curves, sequence length seq length, early window
steps T' = 120hours, learning rate {r = 0.001, epochs = 200, batch size = 16
Step 1: Combine datasets
Concatenate labeled and unlabeled curves into a single dataset all curves
Step 2: Preprocessing of methane curves
for each curve in all _curves do
Interpolate each curve to a fixed length (seq length)
end for
Step 3: Apply global normalization
Fit a global scaler on all _curves (labeled + unlabeled combined)

Transform all curves using this global scaler to ensure consistent scaling

: Step 4: Truncate to early window
. Extract only the first 7" time steps: ae train_data = all _curves[:,: T,:]
: Step 5: Define Autoencoder architecture

. Encoder:

LSTM(64 units, return_sequences=True)
LSTM(32 units, return_ sequences=False)

Dense(16 units) — latent vector z

: Decoder:

RepeatVector(T)

LSTM(32 units, return_sequences=True)

LSTM(64 units, return_sequences=True)
TimeDistributed(Dense(1)) — reconstructed output

: Step 6: Compile the model

: Optimizer = Adam(Ir)

: Loss = Mean Squared Error (MSE)
: Step 7: Train Autoencoder

: Fit model on ae train _data with parameters:

epochs=200, batch size=16, shuffle=True, verbose=1

: Step 8: Feature extraction

: Retain only the encoder after training

: For each curve, compute latent vector z = Encoder(curve)
: Save z for use in downstream parameter and PINN models

: Output: Latent vectors (z) encoding early methane kinetics
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8.2.4. Results and discussion

To visualize the structure of the learned latent space, two dimensionality reduction tech-
niques are applied: the Principal Component Analysis (PCA) and the t-distributed
Stochastic Neighbour Embedding (t-SNE). These techniques are applied because it is
impossible to visualize the 16-dimensional latent vectors; instead, a 2-dimensional projec-

tion is produced.

fig. 8.2 illustrates the latent space produced; each point represents a single methane
production curve, encoded from either labelled or unlabelled data, with the different

markers corresponding to different substrate categories, SS, AW, PS, or unlabelled.
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Figure 8.2: Comparison of Dimensionality reduction techniques (PCA and t-SNE) applied

to the Autoencoder’s produced latent vector

The PCA, a linear dimensionality reduction method, highlights the global structure of
the latent space; that is, how samples vary along the most significant directions [71].
This shows that points farther away exhibit larger differences in their encoded methane
production patterns. Thus, as shown in the figure, the substrate types differing in their
methane production patterns are separated along two principal components (PC1 & PC2).
The spread along PC1 reflects variations in total methane potential, while PC2 relates to
differences in reaction rate. In other words, movement along PC1 corresponds to higher
or lower methane production. On the other hand, movement across PC2 corresponds to

different curve shapes, faster or slower.

As for the t-SNE, it is a non-linear technique that focuses on maintaining the similarity

between neighbouring points rather than global distances [67]. It thus shows groups
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or clusters that share similar early-phase methane production. The curves that exhibit
similar early-phase dynamics appear thus close together, forming denser clusters. In
the figure, it can be seen that substrates of the same type are grouped together. This
shows that the encoder learns nonlinear relationships between different types of biogas

production curves.

Both the PCA and the t-SNE projections show clear grouping patterns with samples of
the same substrate type occupying nearby regions in the latent space. This implies that
the encoder can capture the underlying kinetic similarities between different substrates.
As for the unlabeled data points, they are evenly distributed across the clusters, indicating
that the learned representation generalizes across both labeled and unlabeled datasets.
Quantitatively, the autoencoder achieves a low construction error of MSE = 0.0015 on the
validation set, confirming that the latent vector retains sufficient information to reproduce

the early methane curve.

8.3. Summary

In conclusion, this pretraining stage improves generalization by providing physics-relevant
features that encompass the methane production behavior. By combining information
from labeled and unlabeled experiments, the model learns a representation of the un-
derlying kinetics of methane production, which serves as valuable information for the

downstream prediction.

8.4. The Parameter Model

Following the autoencoder, a parameter estimation model is developed; it serves as the
intermediate link between the autoencoder and the PINN. This model learns the kinetic
parameters of methane production, namely the final methane potential B, and the degra-
dation constant k. Although PINN can, in principle, estimate the kinetic parameters and
the methane production trajectory simultaneously, this dual operation is computationally
heavy and data-inefficient, especially with the small dataset at hand [62]. This task sep-
aration thus allows the parameter model to learn the kinetic parameters in a supervised

manner and ensures the stability of PINN training.
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8.4.1. Motivation

The parameter estimation model is developed directly from the conclusions of the kinetic
modeling section. Earlier, the degradation constant, k£, and the BMP, B, were shown
to characterize the dynamics of methane production. Whether under the first-order or
Gompertz equation, these two features are the core of both models. However, as presented,
to acquire both, curve fitting is deemed necessary for each experiment. Curve fitting

requires the entire data series, which contradicts the purpose of this work.

While the RF model proved capable of predicting the BMP, it failed in incorporating the
underlying kinetics. In addition, the yield of anaerobic digestion is influenced by several
factors, including ambient conditions or microbial activity, all of which contribute to the
final BMP. Accordingly, relying solely on the kinetic behaviour, which was already un-
interpretable in the RF, provides no insight into these factors and excludes them. From
here, the idea of designing a parameter model that retains the physical interpretability
while also relying on labeled features for prediction emerged. By concatenating the la-
tent kinetic vector from the autoencoder and the experiment’s static features, the model
predicts k£ and B, and learns the mapping between the process conditions and kinetic

behavior.

8.4.2. Parameter Model Architecture

The parameter model is a feed-forward neural network trained to estimate the kinetic
parameters of an anaerobic digestion experiment. It is implemented as a multilayer per-
ceptron with two fully connected layers and ReLU activation functions. It takes the

following as input:
1. The latent vector z €R'® generated by the encoder in the earlier step
2. 2. The static features of each experiment: the substrate type, VS, and temperature

These inputs are then concatenated into a single feature vector: ‘input vector: [Zgatic, 2|°

Where: Zgaic = [V'S, Temperature, Substrate pe_pot]

The output is mathematically represented as:

[log(k), log(B)ee] = fol[Zstatic, 2]) (8.5)

Where fy(.) is the nonlinear mapping function implemented by the feed-forward neural

network. The term 6 refers to the set of trainable weights (W;) and biases (b;) at each
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layer:

9:W1,bl,W2,bg,...,WL,bL (86)

Each layer in the neural network then performs a linear transformation followed by a
nonlinear activation. The linear transformation combines the inputs via a weighted sum,
allowing the network to learn weighted features from the input features. This transfor-

mation is formulated as:

Wihi_1 + b; (8.7)
Where h;_; is the output of the previous layer.

However, the anaerobic digestion is governed by multiple biochemical reactions that ex-
hibit nonlinear behavior [61]. This results in nonlinear relationships between the process
variables and the kinetics of methane production. Relying solely on linear models thus

produces outputs with high bias and fails to model reactions.

Consequently, a nonlinear activation follows the linear transformation; this allows the
learning of the intricate behavior of the digestive system. The output of the activation is
formulated as:

where o(.) is a nonlinear activation function that allows the network to model the non-
linear relationships between the inputs and outputs. The alternation between linear and
nonlinear mappings allows the final output layer to approximate virtually any continuous

function.

Implementation

The parameter model is implemented as a feedforward neural network using TensorFlow
(Keras API) library. The network architecture is a multi-layer perceptron (MLP) with
two input branches: one for the static features and one for the latent vector from the
first-stage encoder. The static features capture the initial operating conditions of each
experiment, while the latent vector captures the temporal dynamics of the early methane
production. Prior to training, the qualitative and quantitative features are handled by

one-hot encoding the substrates and standardizing the VS and temperature.

These two inputs are concatenated to form a unique feature vector, which is then passed
through two dense layers. Each of these layers contains 64 neurons activated with the
ReLU function. As for the final layer, it consists of two linear neurons corresponding to
log(k) and log(By); the model’s flow is illustrated in fig. 8.3.
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Figure 8.3: Architecture of the Parameter model for predicting final BMP and degradation

rate constant

The parameter model is trained by minimizing the MSE between the predicted and the
true logarithmic kinetic parameters. This loss is implemented using the TensorFlow li-
brary and its built-in MSE function. During training, the Adam optimizer iteratively
updates the network’s weights to reduce this error, thereby improving the accuracy of the
estimates. The Adam optimizer is used with a learning rate of 0.0005, a batch size of 16,
and 100 epochs.

The model’s training and implementation are summarized in algorithm 8.2
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Algorithm 8.2 Pseudocode for Parameter Estimation Model Training

1:

10:
11:
12:
13:
14:
15:
16:

17:
18:
19:

Input: Static features Xgaie = [V'S, Temperature, Substrateonenot), latent vector

z € R from autoencoder, and true kinetic parameters Vi, = [log(k),log(Bu)]

~ A

: Output: Predicted parameters Ypeq = [log(k),log(Bx)]

: Concatenate static features and latent vector: Xiotal = [Xstatic, 2]

Initialize parameter model f, (MLP with two hidden layers, 64 neurons each, ReLU
activation)
Set optimizer = Adam (learning rate = 0.0005), loss = MSE, batch size = 16, epochs
=100
Apply 5-fold cross-validation
for fold = 1 to 5 do
Split dataset: 4 folds for training, 1 fold for validation
for epoch = 1 to 100 do
Forward pass: Yored = fo(Xiotal)
Compute loss: L = MSE(Yirue, Ypred)
Backpropagate and update weights 6 using Adam optimizer
end for
Evaluate on validation fold: compute M AFE;,q, RMSE}q4, and R?Old
end for
Compute average metrics:
o MAE,,, = % Y MAE;oq
e RMSEu,=1> RMSEqq
* Rgvg = %Z R?‘old
Report final performance (M AE,,,, RMSE,,,, wag)
Save trained parameters 6* of f,
Pass predicted [k, By] to the PINN as physical constraints

8.4.3. Model Performance

To ensure robustness and avoid overfitting given the limited number of data points, a

5-fold validation scheme is used during training. The dataset is divided into 5 equal folds,

and in each iteration, 4 folds are used for training and the remaining fold for validation.

This process is then repeated 5 times so that every sample is used only once for validation.
The model’s final performance metrics, the RMSE MAE and R?, are computed as the

average across all five folds.

The resulting average metrics are as follows:
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o MAE: 30.45
e RMSE: 44.95
o 12%:0.9304

In other words, the parameter model achieves an average relative error of approximately
6%, and a RMSE of 9%. The R? coefficient indicates that the model explains 93% of the

variance in the kinetic parameters across the test folds.

These reported metrics are for the predicted final BMP; the degradation constant, which
is not explicitly reported in the dataset, is instead validated by the PINN model. The
correctness of k is evaluated by the fit of the methane production trajectory from the final

stage of the model.

The parameter model prediction outperforms the FFN model explored in chapter 6. The
FFN, which relies solely on static features for prediction, achieves an MAE of 130.8
NmlCH, and an R? of 0.19, indicating limited generalization to the complex nature of
anaerobic digestion. Conversely, the parameter model enriches the features component
with the early dynamics. Even though the dataset is relatively small, augmenting tem-
poral dynamics enables the parameter model to capture substrate-specific degradation
patterns and microbial activity, a behavior not demonstrated by the FFN. These results

once again highlight the importance of kinetic features in forecasting the final BMP.

8.4.4. Model Results and Discussion

table 8.1 groups a subset of the predictions obtained from the parameter model for different
static features. The table presents the predicted BMP, alongside the real experimental

outputs.
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Table 8.1: Subset of predictions from the parameter model for different static features.

Experiment | Substrate | Temp. (°C) | VS (g/kg) | Predicted Actual
BMP BMP
(NmLCH, /g (NmLCH,/g
VS) VS)

1 AW 35 | 264 317.54 321.89

3 AW 35 | 8.45 67.414 68.6

5 BW 35| 5.25 54.17 44.008

6 BW 35 | 101.464 178.153717 | 169.796555

7 BW 50 | 998 412.78 375.60

8 PS 35 | 21.072 312.123 327.818

9 PS 35 | 31.5 281.63 271.234924

10 SS 35 | 20.954 173.1038 184.088

11 SS 50 | 20.954 214.57 212.375

The results in the table confirm the strong predictive performance of the parameter model
for the final BMP. The close agreement between the predicted and observed methane
potential across diverse experiments demonstrates the robustness and generalization ca-
pability of the parameter model. These results verify the model’s performance metrics.
These results indicate that the network can capture the underlying nonlinear relationships

among operating conditions, early methane production kinetics, and final methane yield.

8.4.5. Substrate-wise Performance

Speaking of the VS, the model successfully learns the influence of its concentration on
the final BMP. Usually, the trend is that the higher the VS concentration across the same
substrate, the higher the final biomethane production [38]. However, microbial activity
is suppressed at a certain concentration level, beyond which the higher the VS content,
the lower the BMP; this is called substrate inhibition [38]. For example, a 940 g/kg
VS substrate produces 390 NmlC' H,/gVS, while a 372 gVS substrate produces 663.91
NmlC'H,/gVS. This inhibition is captured by the model; it successfully predicts lower
BMP values for extremely high VS of the same substrate.

In conclusion, the parameter model successfully predicts the final BMP across diverse
experiments with different initial conditions. It produces the parameters that will serve
as constraints for the final stage, the PINN.
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8.5. Physics-Informed Neural Network

The final stage of the model is the physics-informed neural network, which is responsible
for predicting the propagation of the time series from an experiment. After estimating
the final BMP and the degradation rate constant from the parameter model, the PINN’s
task is to construct the full methane production curve from the lateral dynamics of the
AE and the predicted features of the parameter model, in accordance with the physical

constraints of digestion.

Physically informed neural networks are a class of deep learning models that incorporate
physical laws during training [33]. Physical laws are often embedded in neural network
architectures via differential equations that resemble the dynamics of the phenomenon
under study [22]. The end goal of the PINN is to learn solutions to ordinary or partial

differential equations |71].

In this context, it is essential to provide the supervised model with the differential equation
that governs the dynamics of biomethane production. The end solution of the PINN
will then be the time series and temporal dynamics of the experiments. As discussed
in the kinetic modeling section, traditional models of methane production include first-
order kinetics and the Gompertz model. Although the Gompertz model achieves higher
empirical accuracy, it lacks physical interpretability and fails outside its calibration data

[67).

8.6. PINN Formulation and Architecture

The dynamics of biomethane production are modeled with the first-order differential equa-

tion that governs the rate of change of methane:

8.6.1. Governing Equations and Loss Functions

dB

— = k(B — B(t 8.9

= K(Bs — B(1) (39)
Integrating the ODE gives:

B(t) = Boo(1 — ™) (8.10)

Physically, this means that the rate of methane production, dB/dt, is proportional to the
remaining methane potential, B,, — B. Early in digestion, when B is still small, the rate is

approximately equal to kB; early production is nearly constant. As time passes, however,



74 8| Semi-Supervised Physics-Informed Framework for BMP Prediction

the rate decays exponentially as more methane is produced. This yields the previously

observed and explained asymptotic curve of gas production.

The PINN uses the estimated parameters, kand B , as well as the latent vector z to predict
the curve B(t). The ODE then transforms to be:

dB R .
= k(B — B(t)) (8.11)

Where:
e k: the estimated rate of production, from the parameter model
e B..: the estimated final methane produced, from the parameter model
e B(t): the predicted cumulative methane production at time t
° %: the predicted rate of production of methane

The PINN learns the methane production curve while simultaneously enforcing the phys-
ical constraints of the first-order kinetic model. The network is then trained to minimize

the following loss function:

£total = ﬁdata + )\phy'cphys + >\BOO‘CBOO + >\IC’£IC’ (812)

Where Lgata is the loss from fitting to the experimental data:

Laaa = | B(t) = BE)|? (8.13)

Ensures that the predicted methane curves match the experimental observations; drives
the PINN to minimize the difference between the simulated and observed curves. The
data loss dominates during the early training, helping the model learns the general shape

of the methane production curves.

Lphys is the physical loss:

(8.14)

Lonys ensures that the predicted time series abides by the physical kinetics of the system.
If the prediction violates the physical law, the physics loss penalizes the model and pushes

it toward physically consistent dynamics. By minimizing this term, the network learns to
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generate predictions with derivatives that obey the physical law governing real methane
production processes. This then enables the PINN to generalize well beyond the range of

measured data, as it is constrained by the physics of anaerobic digestion.

And Lp the final methane loss:

Lo = |[l0g(Bw + €) — log(Bso)]|? (8.15)

Lps aligns the predicted final methane yield, derived from the parameter model, with
the actual final biomethane value. It ensures that the long-term asymptotic behaviour of

the predicted methane curve matches the physical limits of the process.

As for L;¢, the initial condition constraints:
Lic=|B(t=0)—-0| (8.16)

Lc ensures that the methane production at time zero is zero, as expected physically.
Without this term, the network might predict non-zero initial methane values, violating

the assumption that biomethane starts from zero.

Each loss function, as demonstrated, is weighed by a hyperparameter (A) which is tuned
to control the influence of the physical law. This model formulation ensures that even if
the dataset is noisy or incomplete, the PINN learns solutions that remain consistent with
the underlying kinetics. By leveraging embedded physics constraints and the data, the
network learns to approximate the solution of the ODE rather than explicitly solving it

via numerical integration.

8.6.2. Model Structure

For each experiment, the PINN receives three input variables: the experimental conditions
(Xstatic), the latent vector (z), and the time variable ¢. (Xgqa4.) contains the substrate
type, VS, and temperature values that come with the dataset, (z) is the latent vector
extracted from the encoder, and t is the time at which methane production is predicted.

Then these three input vectors are concatenated in a single vector (z).

During training, the PINN generates predictions at all time points in the sequence. To
achieve this, the static features and latent vector are repeated across every time point,

forming a batch of inputs in the form:



76 8| Semi-Supervised Physics-Informed Framework for BMP Prediction

Xstatic z tl

Xstatic z tn

The network then learns a nonlinear mapping from the input vectors to the methane

production value B(t;). This mapping is mathematically represented as:

B(t:) = fer(; 0pi) (8.17)
Where 6p;nn represents the weights and biases of the neural network.

Thus, the PINN learns a smooth continuous mapping from time and operating conditions
to methane production, all while being constrained by the physical law and the parameters

estimated earlier by the parameter model.

8.6.3. Implementation

The PINN model is implemented using a feed-forward neural network with two fully
connected hidden layers, each containing 64 neurons, and the hyperbolic tangent (tanh)
as the activation function. The use of the tanh activation function ensures that each
neuron’s output is smooth and differentiable, allowing the representation of the continuous
dynamics of the methane production curve. The network’s output layer consists of a single

neuron that produces the predicted methane value at time t.

Once the PINN architecture is defined, the training process optimizes the model pa-
rameters to ensure the network accurately reproduces methane production curves while
remaining consistent with the laws of physics. This logic is achieved through joint training
of the parameter model and the PINN, under the supervision of a loss function that bal-
ances consistency with the available data and adherence to physics. After the parameter
model predicts the final biomethane value, B , and the kinetic rate of production, 12:, these
values are passed to the PINN. Following that, for each time point, ¢, the PINN produces
the predicted methane production value at that time instant, after receiving the concate-
nated input [z]. The entire predicted methane curve is then produced by evaluating the
network across all time points. The next step is to evaluate the produced curve; using
TensorFlow’s automatic differentiation, the derivative of the predicted curve with respect

to time is computed:
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dé 8fPINN (%)
—_— = 8.18

dt ot ( )
This derivative is then compared with the expected rate of methane generation, which

relies in its calculation on the predicted B and k from the parameter model:

dB . .
— = k(B — B(1)) (8.19)

The difference between the two derivatives forms the physics residual, which is penalized

in the total loss.
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Algorithm 8.3 Physics-Informed Neural Network (PINN) Training Procedure
1: Input: Time points ¢;, static features X.1ic, latent vector z, estimated parameters k
and B.,, observed methane values B(t;)
2: Qutput: Predicted methane production B(t) over time
3: Initialize PINN network fpinn(z;6piny) with two hidden layers (64 neurons, tanh
activation)
4: Set optimizer = Adam (learning rate = 0.0005), epochs = 1500
5: Define loss terms:
¢ Luw=|BO-BOI
o Loy = ‘ 95 _ }i(Ba — B(t)) ‘
o L = |log(Bus +€) —log(Bs)|?
o Lic=|B(t=0)-0|?
6: Set total loss:
Liotal = Ladata + AphysLphys + A LB + ArcLic
7: for epoch = 1 to 1500 do
8:  Sample a batch of time points {¢;}
9:  Repeat Xguaiic and z across all ¢; to form concatenated inputs x; = [Xgatic, 2, i
10:  Forward pass: E(tz) = fpinn(Zi; OpinN)
11:  Compute time derivative % using automatic differentiation
12:  Compute all loss components and total loss Listal
13:  Backpropagate and update fp;yy via Adam optimizer
14:  if epoch % 100 == 0 then
15: Log current Liotal, Ldata, and Lphys
16:  end if
17: end for
18: Save trained PINN weights 0f\x
19: Predict methane production trajectory B (t) for unseen experiments

8.7. Results and Discussion

The developed PINN model successfully reconstructs the time evolution of methane pro-

duction while remaining consistent with the first-order kinetic model. After training and

learning the underlying kinetics of methane production, the model is ready to generalize

to

unseen and partial data. Calculating the performance metrics, the model achieves the

following:
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o MAE : 24.7952 NmlC'H,/gVS
o R?: 0915

This means that every point generated deviates, on average, by 24.7592 NmICH4/gV'S
from the real data points. The R? results indicate that the model explains 91.5% of the

variation in the data.

To visualize the results, the real data curves are compared with the predicted curves, as
shown in the following figures. The predicted methane production curves (red dashed
lines) closely follow the experimental data (blue points) while satisfying the final BMP
set by the parameter model (green line). The model reproduces the three main phases
of anaerobic digestion discussed in the kinetic model section: the initial lag period, the
exponential production phase, and the plateau, where methane production ceases and
stabilizes. Moreover, it correctly distinguishes among the different degradation kinetic
behaviors: fast, average, and slow. For example, the PS exhibits the fastest produc-
tion rate while the BW the slowest, consistent with each’s biodegradability and organic

composition.

In the early time window, the model’s prediction aligns almost perfectly with the exper-
imental data. This alignment confirms that the autoencoder and the parameter model
successfully capture the early kinetic behaviour of the digestion and infer the right fea-
tures. Beyond this period, when no data are available, the model relies more on the
first-order kinetic law for prediction. As can be seen, small deviations begin to appear
between the real and predicted methane curves. These deviations are expected as they
reflect the model’s reliance on the smooth kinetic law to generalize the methane produc-
tion trajectory, a characteristic that the measured data lacks for several reasons, including

operational variability and measurement noise.

In conclusion, the PINN is reliable for reconstructing the evolution of methane production

across different experiments and operating conditions.
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Figure 8.4: Predict vs. experimental methane production for Secondary Sewage (SS)

using Physics-informed Neural Network
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Figure 8.5: Predict vs. experimental methane production for Biowaste (BW) using

Physics-informed Neural Network
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Figure 8.6: Predict vs. experimental methane production for Agrozootecnica waste (AW)

using Physics-informed Neural Network
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Figure 8.7: Predict vs. experimental methane production for Primary Sludge (PS) using

Physics-informed Neural Network

8.7.1. Effect of Physics Weighting

The weighting coefficient of the physical constraint, Aphys, determines the influence of the
constraint on the learning process. Tuning this parameter is essential to balance between
data fitting and physical consistency with the first-order model of the predictions. To
assess this effect, three experiments are performed with Apys set to 1, 50, and 100. For

visualization, only the first 500 training epochs are shown.

Aphys =1

For Apnys — 1, the physical constraint is lightly weighted relative to the data loss, which
dominates the training process, as shown in fig. 8.8. The total and data loss remain close
to each other over the training epochs, in the range of 2 x 107! to 1 x 107!, The physical
loss, on the other hand, which starts at a very small value, converges quickly to a yet
smaller value (< 107%). As for the initial conditions and boundary condition losses, they

decrease steadily but remain higher than the physics term.

These results indicate that while the model achieves a smooth decline in total loss, it
neglects the essence of the problem: adherence to physical laws. The highest-loss value,
the Data loss, drives the training, resulting in outputs that look like the data but lack
physical identity. This is an example of an under-constrained model where the decisions

are data-driven.
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Figure 8.8: Evolution of the Weighted Loss Components with Appys = 1

Aphys = 50

Increasing the physics constraint to Apnys = 50, the loss components achieve a balanced
dynamic throughout training, as shown in fig. 8.9. The total loss decreases steadily from
1.0 to approximately 107!, with all other loss components following the same decreasing
trend. The physics loss starts at a relatively high value of 0.2 and smoothly converges
to a lower value. As visualized, the physics loss is no longer dominated by the initial
conditions loss, which was the case previously, demonstrating its influence on the total
loss. Therefore, the network successfully learns both the data patterns and the underlying

kinetics with a moderate value for Ajpys.

This is a demonstration of the compromise between following the data and staying within
the first-order model. Previously, the physical loss was of weak influence, but here it is
of value. The compromise is that, while of moderate value, the physical loss does not
dominate the data loss; it remains within range to ensure the model still produces data-
coherent values. Among all configurations tested, this shows the most stable behavior

and most physically meaningful methane production curves.
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Figure 8.9: Evolution of the Weighted Loss Components with Aphys = 50

Aphys = 100

fig. 8.10 illustrates the evolution of the loss components for the heavily constrained exper-
iment with Apnys = 100. Given such a strong physical constraint, the model emphasizes
following the kinetic law. This, however, comes at the cost of stability, as shown. The
initial conditions exhibit oscillations that spike at 500 epochs, coinciding with the fine-
tuning stage. The data and total loss do exhibit very slow convergence and follow the

same trend.

The physics loss converges to a lower value, but at the cost of higher data loss. Although
the produced values are physically consistent, the process is less stable and less data-

coherent, making this configuration less desirable.



84 8| Semi-Supervised Physics-Informed Framework for BMP Prediction

PINN Training Loss Convergence

— Total Loss
—-- Data Loss (£Lgata)

S e s e Physics Loss (AphysCphys)
..... Binr L05S {ApinLoint)
——- IC Loss (AicLic)

Start Fine-tuning

1072 4

Weighted Loss (Log Scale)

10-3 4 ~ e ™y P Mg

; T , T , T
100 200 300 400 500 600
Epoch

Figure 8.10: Evolution of the Weighted Loss Components with Appys = 100

Physical Weighting Summary

This analysis demonstrates the trade-off between physical fidelity, numerical stability,
and predictive accuracy. A very low weight of the physical constraint yields accurate
fits with less physical consistency. A very high weight of 100 enforces physical law but
induces oscillations and slower convergence. The intermediate value of 50 achieves the
most favorable compromise among the three experiments, where the physics are consistent
with the predictions while still data-consistent. This configuration is thus adopted as the

optimal setting for the final hybrid semi-supervised model.

8.8. Summary of the final Semi-Supervised Hybrid
Model

The overall model for predicting the final BMP is trained progressively across multiple
stages to ensure convergence and leverage both data-driven and physics-informed compo-
nents. This approach is commonly referred to as the freeze-unfreeze strategy; it prevents
the early layers —the encoder per se —from being disrupted by the complex physics loss
before they have learned a meaningful representation of the input data. The following is

the summary of the whole model and its flow through the three different stages:

1. Stage I — Autoencoder pretraining: In the first stage, the LTSM-based autoencoder
is trained independently on the methane production early curves. The goal of the

AE is to learn a robust latent representation of the early methane-evolution window.
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This window captures the key temporal dynamics of the digestion process, which

are propagated as features in the subsequent stages.

The AE training minimizes a reconstruction loss, ensuring that the encoded latent
vector retains sufficient, representative information to reproduce the input signal.
The model is then trained using the Adam optimizer for several hundred epochs
until the validation loss stabilizes. To avoid overfitting, early stopping is used, with
the reconstruction loss monitored on a validation subset of the training data. Once
the validation loss stops improving for a defined number of epochs, the training is
halted. This prevents the AE from memorizing noise in the data and ensures that

the learnt latent features generalize to unseen samples [6].
2. Stage II — Parameter Model Pretraining;:

In this stage, the parameter estimation network is trained in a supervised manner
to predict the kinetic parameters of each experiment. As inputs, the model is fed

the static features from the data and the encoder’s frozen latent vectors.

During this stage, the network minimizes the RMSE between the target values and
the predicted values of the final biomethane and the kinetic rate of production.
This step utilizes the Adam optimizer to train for 100 epochs until the parameter
prediction is low. During parameter training, the encoder remains frozen to preserve
the learned representation of early methane dynamics, which the parameter model

uses for prediction.

3. Stage IIT - PINN Training: After pretraining the first two models, the full physics-

informed framework is assembled, consisting of:
(a) The frozen encoder
(b) The trained parameter model
(c) The PINN network, responsible for producing the methane trajectory

At this stage, the encoder and parameter model are both frozen; only the PINN
model undergoes training, minimizing the composite loss function. The loss function
is composed of data loss, physics loss, initial-condition loss, and final methane loss.
These loss functions are weighted in the equation; this ensures that the curves the
PINN produces are consistent with both the experimental data and the kinetic
ODE governing the whole process dynamics. During this stage, the PINN focuses
exclusively on the learning of the temporal evolution of methane production, refining

its ability to model the kinetics defined by the governing ODE. The optimizer used
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during training updates only the internal layers of the PINN for 1500 epochs at a
small learning rate; this prevents the model from making large parameter changes
that could destabilize the already pretrained encoder and parameter model. By the
end of this stage, the network produces physically consistent methane trajectories
that closely follow the experimental data while maintaining the stability of the

pretrained models, thereby laying a solid foundation for the final fine-tuning stage.

Final Tuning stage

After the PINN model converges and the methane curves produced are physically consis-
tent, the final stage involves unfreezing all components of the model for joint end-to-end
optimization; that is, all parameters are simultaneously trained using a single loss func-

tion.

This unified training technique enables mutual learning among the three subnetworks,
where the models learn from each other and adjust as needed. The encoder, for example,
refines its latent representation of early-window methane production. This refinement
means that the encoder works on capturing temporal patterns that are more relevant
to the parameter model. The parameter model, on the other hand, adjusts its internal
parameters to map better the encoder’s latent vector into more accurate predictions of
k and B.,. As for the PINN, it continues to improve the reconstruction of the methane

production trajectory by using the updated parameters and latent features.

By the end of this stage, the network achieves a balance between accuracy and physical
interpretability. The resulting model provides methane production trajectories that are
not only highly correlated with experimental data but also consistent with the first-order
kinetic law of anaerobic digestion. This final unified model is then saved for use in

prediction and analysis.

The flowchart summarizing the whole process is visualized by fig. 8.11
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Figure 8.11: Flowchart of the final semi-supervised Hybrid model for predicting BMP
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9 ‘ Discussion and Innovation

9.1. General Discussion

While there is no evident literature that employs PINNs to predict the final BMP, and
several have successfully applied this model to solve physical systems [22]. The nov-
elty this work introduces, however, is the integration of semi-supervised learning via an

autoencoder into the PINN’s training and learning.

This proposed model, among the first to implement a semi-supervised hybrid model for
BMP prediction, bridges the gap between empirical and black-box kinetic models. While
the latter are data-efficient but physically uninformed, the former are interpretable but
data-demanding. The traditional models, such as the Gompertz or first-order law, rely
on complete experimental data to infer parameters, such as the degradation rate and
the methane potential. Although these models provide interpretable parameters, they
perform poorly with limited data or when experimental noise is present. On the other
hand, data-driven models, such as RFs or conventional neural networks, can predict values
from partial data but ignore the underlying biochemical laws governing the process; they

treat the system as a statistical mapping between inputs and outputs.

Through the autoencoder, the model learns time-dependent patterns of anaerobic diges-
tion even from unlabeled data. These results are then translated into interpretable outputs
through the parameter model. Moreover, by finally embedding the first-order kinetic law
into the PINN’s learning process, the model combines the advantages of both empirical

and data-driven models.

In conclusion, the proposed model is a hybrid system that understands the physics of the

digestion process and learns from available data.

9.2. Model Innovation

The key innovation of the proposed framework lies in its data efficiency and the fusion of

physical laws and data representations.
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By combining both labeled and unlabeled methane production data, the model effectively
uses the data at hand. Rather than relying on the GAN algorithm for data augmentation,
which fails to generalize to broader datasets, the model learns valuable representations
from the early kinetics in both datasets. The framework leverages the abundance of
unlabeled time series rather than discarding them for purely kinetic models, and uses
them to guide the learning of the influence of temporal dynamics and static features on

methane yield.

In doing so, rather than a limitation, data scarcity becomes an opportunity. This opportu-

nity was the first motivation behind creating the final hybrid physics-informed framework.

The model is not only dependent on the early evolution of methane but also makes its
decision based on temperature, VS, and the type of substrates used in the experiment. It
differentiates among substrate categories and their behavior, whether they exhibit fast,
average, or slow degradation. The model also captures the dependence of the final BMP
on the VS concentration, successfully learning that higher VS yields higher BMP until
the threshold to inhibition is reached. Comparing experiments with the same substrate
type and VS concentration but different temperatures also shows that the model learns

the dependence of methane yield on operating temperature.

All in all, the proposed hybrid semi-supervised framework provides a major advancement
over both empirical and conventional machine learning approaches. It combines the in-
terpretability of kinetic models and the pattern-learning of neural networks to create a

model that is robust, explainable, and experimentally meaningful.
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10.1. Limitations

Despite the promising performance of the proposed hybrid semi-supervised framework,
several limitations remain. To start with, the model’s predictive reliability depends on
the quality of the experimental data used. This is hindered by noise and inconsistencies
in methane measurements, especially during the early window, as they may affect the
accuracy of the latent vector extracted by the encoder. An error in this vector will
propagate to subsequent stages and lead to incorrect predictions. Moreover, while it is
true that data scarcity is addressed by accounting for the unlabeled dataset, it remains an
obstacle to the model’s generalization. For example, the dataset is not well-representative
of different operating conditions; it does not account for container pH or a wide range of
temperatures. This thus raises a question on whether the dataset is truly representative

of the real experiments.

In addition, assuming that the kinetics can be modeled by a first-order law is overly
optimistic for the underlying biochemical reactions. As discussed previously, in the 4
stages of anaerobic digestion, the first-order law assumes that only the hydrolysis stage
determines the phenomenon. In reality, however, each stage has its own behavior and
reaction rate, which influence the dynamics of biomethane production. By simplifying
these stages, the process’s identity is lost, leaving a model that may ignore key hidden

behavioral patterns.

While a core argument of the model was its ability to interpret the results it produced,
the use of the autoencoder remains a limitation in this regard. Visualizing the SHAP
feature importance plot, fig. 10.1, of one of the 5 folds for the parameter model, shows
that it relies strongly on its decision on the latent vector. While it is known that the
latent vector captures early kinetics, its contents are difficult to define. This is because

the autoencoder learns the kinetics on its own, in an unsupervised manner.
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Figure 10.1: SHAP feature importance plot of the parameters used for the prediction of

the final BMP, showing high reliance on the kinetic latent vector of the autoencoder

10.1.1. Future Work

These limitations call for further work. Rather than using the simple first-order model,
more comprehensive models can be used. For example, accounting for substrate inhibition
and microbial activity as constraints in the PINN makes the model more representative of
the biochemical reactions. In addition, to address generalization, a larger, more heteroge-
neous dataset should be collected; it should include a wider range of operating conditions,

more substrate types, and be more representative of their compositions.

Aside from addressing the limitations, the future work will focus on bringing the model
to production level. Looking forward, real-time implementation would be a promising
endeavor for the project. This can be done by coupling the trained model with online

monitoring sensors of the larger anaerobic digestion plant. Seeing as the model replicates
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the digestion process, it could act as its digital twin, mirroring the system in real time.
As digestion proceeds and conditions change, the model would dynamically update its

parameters and states as needed.

Through consistent monitoring, the virtual replica would enable predictive monitoring,
in which the model anticipates the system’s behavior in response to instability, such
as digester failure or temperature shocks. With reliable real-time predictions available,
control actions are triggered to combat the fault before it propagates into the real digestion

process and hinders its performance.

In conclusion, even with its high predictive accuracy, the model still suffers from limita-
tions. Such limitations, however, are only a drive for further work and enhancement in

the near future.
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In conclusion, this work presents an extensive study of the development of a hybrid
semi-supervised framework for predicting the biochemical methane potential in anaerobic
digestion. The study begins with the analysis of the kinetic behavior of the experimen-
tal data through a Random Forest model and traditional kinetic models, specifically the
first-order law of methane production and the Gompertz model. This analysis then es-
tablishes the foundation for the development of the final model and provides insight into

the existence of distinct degradation behaviors.

Building upon these insights, several machine learning models are explored to enhance
prediction accuracy and generalization. A feed-forward neural network model is devel-
oped, but it fails due to limited data availability and the absence of physical constraints.
This led to an attempt to augment the data with samples generated by a conditional Gen-
erative Adversarial Network, which also failed due to data scarcity and limited feature

diversity.

To address all these challenges, the study proposes a novel hybrid semi-supervised frame-
work that integrates an LSTM-based Autoencoder with a parameter model and a Physics-
Informed Neural Network, trained on a labeled and unlabeled dataset. The autoencoder
learns successfully the latent features that capture the dynamics of early methane pro-
duction and propagates them as an input to the subsequent stages. The parameter model
thus uses this latent vector, along with static features from the dataset, to predict the
degradation rate and the final biochemical methane potential. These, in turn, act as phys-
ical constraints embedded in the physical law that the physics-informed model adheres to

to reconstruct the final methane production curve.

The resulting framework achieves high predictive accuracy and consistency with the ex-
perimental data, demonstrating the ability to generalize to unseen time-series inputs. The
model not only learns the kinetics of the process but also the influence of operating con-
ditions, including volatile solids concentration, temperature, and substrate type, on the
biochemical methane potential. These results confirm that embedding physical knowledge

into data-driven models enhances their predictive capability, even with limited data. De-
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spite these achievements, some limitations remain. The kinetic model, on which the final
curve is based, may underestimate the complex biochemical interactions that influence
methane production. Also, while the semi-supervised model mitigates data scarcity, it
could benefit from a larger, more diverse dataset that better represents operating condi-

tions and substrate composition.

All in all, this work is a novel contribution in the field of machine learning and anaerobic
digestion. It aims to demonstrate that integrating physics-based reasoning with machine
learning models is a superior, interpretable alternative to conventional black-box models.
The derived hybrid model represents a step toward a data-efficient and physically con-
sistent prediction tool for anaerobic digestion. Looking ahead, the future holds potential
to expand the kinetic representation, diversify the dataset, and integrate the framework
with real-time operating plants. This is only the first step into a promising future for

optimizing biogas production in real-world applications.
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A. ‘ Appendix

A.1. Hyperparameter summary

Table A.1: Summary of Hyperparameters for the Autoencoder, Parameter Model, and
PINN

Model Com- | Category Hyperparameter Details
ponent
Autoencoder | Layer Sizes Encoder: LSTM(64) — LSTM(32) — Dense(16)
(AE) (latent vector)
Decoder:  RepeatVector(7') — LSTM(32) —
LSTM(64) — TimeDistributed(Dense(1))
Optimizer Adam
Training 200 epochs
Epochs
Learning 1 x 1073 (constant, no scheduler)
Rate
Parameter Layer Sizes Dense(64, ReLU) — Dense(64, ReLU) — Dense(2,
Model Linear)
Optimizer Adam
Training 100 epochs, 5-fold cross-validation
Epochs
Learning 5 x 10~ (constant, no scheduler)
Rate
PINN Layer Sizes Dense(64, tanh) — Dense(64, tanh) — Dense(1,
Linear)
Optimizer Adam for pretraining; optional L-BFGS for fine-
tuning
Training PINN-only training: 1500 epochs
Epochs Final joint end-to-end tuning: 500 epochs
Learning LR reduced at start of fine-tuning (Epoch 500)
Rate Sched- | Adam LR: 1 x 10~* during PINN training
uler 5 x 107° during fine-tuning
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A.2. LSTM Autoencoder Mathematical Formulation

The early methane production time series for one experiment is represented as:
X = [z1,29,...,27], x:€R

Where T is the number of time steps within the early observation window.

The encoder consists of stacked LSTM layers that sequentially process x to produce a
latent representation z € R%. Each LSTM cell then updates its hidden state h, and cell
state c; as follows:

i, = c(Wilh_1,y:] + b;)

f, = o(Wylhi_1,y:] + by)
o = o(W,lhi_1,y:] + b,)
¢; = tanh(W [hy_y,y:] + b,)
¢=00Oc 1+i;O¢

h; = o, ® tanh(c;)

e i, : input gate

o f, : forget gate

e 0, : output gate

e C; : candidate cell state

e c; : updated cell state

e h, : hidden state

e o(+) : sigmoid activation

e tanh(-) : hyperbolic target activation
e (© : element-wise multiplication

This is visualized by fig. A.1
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Figure A.1: LSTM Autoencoder logic flow [76]
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A.3. The pseudo code for the Final Hybrid Model

Algorithm A.1 Final Semi-Supervised Hybrid Model (Part 1: AE Pretraining)

10:
11:

12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:

1
2
3
4
:
6
7
8
9

: Input:

Labeled methane curves X% with static features S
Unlabeled methane curves X @b

Time grid t = {t1,t,...,t7}

Hyperparameters: Apnys, Arc, Ao

Learning rates for each stage: nag, npar, TPINN

Total epochs for each stage: Eag, Epr, Epinn, Err
: Output:

Predicted kinetic parameters (k, B)

Predicted methane trajectory B (1)

Final trained model (AE + Parameter Model + PINN)

~ A

Stage I: Autoencoder Pretraining (Unsupervised)

Combine labeled and unlabeled curves:
Xan = [Xi?%aXﬁZ'“lab]

Normalize using a global scaler fit on X ;.
Transform all curves to fixed length 7" using interpolation/padding.
Truncate each curve to the early window T¢,y.
for epoch =1 to F g do

Encode each curve: z = fene(X1.1,,,,,)

Reconstruct curve: X = faee(2)

Compute reconstruction loss:

Lap=MSE(Xy1.,,,,X)

Update encoder/decoder weights using Adam(nag)

end for

Freeze encoder weights.
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Algorithm A.1 Final Semi-Supervised Hybrid Model (Part 2: PM Pretraining)

Stage II: Parameter Model Pretraining (Super-
vised)

For each labeled sample:
Extract latent vector: z = fenc(X{?%early)
Form input: u = [S%"®, 2]
Target output: y = [log(k),log(Bx)]
for epoch =1 to Epy; do
Predict parameters: § = fppr(u)
Compute loss: Lpy = MSE(y,y)

Update PM weights using Adam(npas)

end for

—
<

Freeze parameter model weights.
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Al

gorithm A.1 Final Semi-Supervised Hybrid Model (Part 3: PINN Training Fine-

Tuning)

1

2:

15:
16:

17:
18:
19:
20:
21:
22:
23:
24:

Stage III: PINN Training (Supervised + Physics)

. for each labeled experiment do
Get static features S, latent vector z, and predicted (l%, Boo)

Form input for each time point:
x(t;) =[S, 2, 1]

end for
: for epoch =1 to Ep;yy do
Predict methane: B(t) = fpiyn(2(t))
Compute derivative via autodiff:
9B — ) fpinn () /Ot
Compute losses:
Liata = MSE(B(t), B(t))
Logs = |2 — k(B — BO)||
Lic = |B(0) - 0]
Ls.., = |[log(Bx) — log(BL™)|1
Total loss:

L= Edata + )\physﬁphys + )‘ICEIC + >\Boo »CB(X,

Update only PINN weights using Adam(np;y )

end for

Stage IV: Final End-to-End Fine-Tuning

Unfreeze encoder and parameter model.
Reduce learning rate: npr < npryn.
for epoch =1 to Err do
Forward pass through AE encoder — PM — PINN
Compute total PINN loss £ (same as before)
Jointly update {Encoder, PM, PINN} using Adam(npr)
end for

Return final trained hybrid model.
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Symbol

Description

General and Kinetic Parameters

B(t), BMP(t)
B.o, BMP.,
B(t)

A

Bo

Btrueoo
dB

dt

B

dt

k

Tearly

Cumulative methane yield at time ¢

Final (asymptotic) biochemical methane potential
Predicted cumulative methane production at time ¢
Estimated final biochemical methane potential

True (experimental) final biochemical methane potential
Rate of change of methane production

Predicted rate of change of methane production
First-order degradation rate constant

Estimated first-order degradation rate constant

Lag phase duration (Modified Gompertz model)

Maximum specific growth rate (Modified Gompertz model)
Maximum methane production rate (Modified Gompertz model)
Time variable

Total number of time steps in a sequence

Time window

Time steps in the early observation window

Machine Learning (General)

o

Conditioning vector (cGAN)

Training dataset of size n

Euler’s number (approx. 2.718)

Expected value operator

General mapping function (e.g., fo, fear, frInn)
Loss function

Number of data samples or time steps

Pearson correlation coefficient

Input variable, feature vector, or feature matrix

Continued on next page
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Table A.2 — continued from previous page
Symbol Description
Tstaticy S Static input features (e.g., VS, Temperature, Substrate)
y,Y Target variable or output vector
i Actual (true) value for sample @
Ui, U Predicted value for sample ¢ or predicted vector
Y Average of actual values
z Latent vector (Autoencoder) or noise vector (GAN)
Wi, b; Weights and biases for layer ¢
0 Set of all trainable model parameters (weights and biases)
o(+) Nonlinear activation function (typically sigmoid)
tanh(-) Hyperbolic tangent activation function
n Learning rate (e.g., g, npu: NPINN)

A small constant (e.g., for numerical stability in log)

Machine Learning (Model-Specific)

D

G

M
Ct, Cy
Jt: ¢, 04
hy

©
Lag
Liotal
Laata
Lyhys
Lic
L oo

)\phya )\ICa )\Boo

Discriminator network (GAN)
Generator network (GAN)

Number of trees in a Random Forest
Cell state and candidate cell state (LSTM)
Forget, input, and output gates (LSTM)
Hidden state (LSTM)

Element-wise multiplication
Autoencoder reconstruction loss

Total composite loss (PINN)

Data fidelity loss (PINN)

Physics residual loss (PINN)

Initial condition loss (PINN)

Final boundary condition loss (PINN)
Loss weighting hyperparameters (PINN)

Statistics and Metrics

MAFE
MSE
R2
RMSFE

Mean Absolute Error
Mean Squared Error
Coefficient of Determination

Root Mean Square Error

Units and Chemical Formulas

Continued on next page
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Table A.2 — continued from previous page

Symbol Description

°C Degrees Celsius (unit of temperature)

CH, Methane

CO, Carbon Dioxide

g/kg Grams per kilogram (unit of concentration)
mg/L Milligrams per liter (unit of concentration)

N, Nitrogen Gas

Nml/hour Normal milliliters per hour (unit of rate)
NmlICH, Normal milliliters of Methane (unit of volume)

NmlCH,/gV S

Normal milliliters of Methane per gram of Volatile Solids
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