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Preface 

This PhD thesis, titled “Advanced modelling in anaerobic co-digestion: the 

multiscale aspects of substrate composition, hydrogen transfer and microbial 

growth”, comprises the research carried out at the Department of 

Environmental Engineering, Technical University of Denmark from September 

15, 2016 to February 7, 2020. Professor Irini Angelidaki and researcher Merlin 

Alvarado-Morales were supervisor and co-supervisor, respectively. 

The thesis is organized in two parts: the first part puts the findings of the PhD 

into context in an introductive review; the second part consists of the papers 

listed below. These will be referred to in the text by their paper number written 

with the Roman numerals I-VI. 

Papers: 

I Kovalovszki, A., Alvarado-Morales, M., Fotidis, I. A., Angelidaki, I., 

2017. A systematic methodology to extend the applicability of a 

bioconversion model for the simulation of various co-digestion 

scenarios. Bioresource Technology 235, 157-166. (Published) 

II Sun, H., Kovalovszki, A., Tsapekos, P., Alvarado-Morales, M., Rudatis, 

A., Wu, S., Dong, R., Kougias, P. G., Angelidaki, I., 2019. Co-digestion 

of Laminaria digitata with cattle manure: A unimodal simulation study 

of both batch and continuous experiments. Bioresource Technology 276, 

361-368. (Published) 

III Lovato, G., Alvarado-Morales, M., Kovalovszki, A., Peprah, M., 

Kougias, P. G., Domingues Rodrigues, J. A., Angelidaki, I., 2017. In-

situ biogas upgrading process: Modeling and simulations aspects. 

Bioresource Technology 245, 332-341. (Published) 

IV Fontana, A., Kougias, P. G., Treu, L., Kovalovszki, A., Valle, G., Cappa, 

F., Morelli, L., Angelidaki, I., Campanaro, S., 2018. Microbial activity 

response to hydrogen injection in thermophilic anaerobic digesters 

revealed by genome-centric metatranscriptomics. Microbiome 6, 194. 

(Published) 
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V Kovalovszki, A., Treu, L., Ellegaard, L., Luo, G., Angelidaki, I. 

Modeling temperature response in bioenergy production: novel solution 

to a common challenge of anaerobic digestion. (Accepted for publication 

in Applied Energy) 

VI Lovato, G., Kovalovszki, A., Alvarado-Morales, M., Arjuna Jéglot, A. 

T., Domingues Rodrigues, J. A., Angelidaki, I. Modeling 

bioaugmentation methods: engineering intervention in anaerobic 

digestion. (Draft) 

In addition, the following publications, not included in this thesis, were also 

concluded during this PhD study: 

I Tsapekos, P., Kougias, P. G., Alvarado-Morales, M., Kovalovszki, A., 

Corbière, M., Angelidaki, I., 2018. Energy recovery from wastewater 

microalgae through anaerobic digestion process: Methane potential, 

continuous reactor operation and modelling aspects. Biochemical 

Engineering Journal 139, 1-7. (Published) 

II Wu, Y., Kovalovszki, A., Pan, J., Lin, C., Liu, H., Duan, N., Angelidaki, 

I., 2019. Early warning indicators for mesophilic anaerobic digestion of 

corn stalk: a combined experimental and simulation approach. 

Biotechnology for Biofuels 12, 106. (Published) 

III Campanaro, S., Treu, L., Rodriguez-Rojas, L. M., Kovalovszki, A., 

Ziels, R. M., Maus, I., Zhu, X., Kougias, P. G., Basile, A., Luo, G., 

Schlüter, A., Konstantinidis, K. T., Angelidaki, I., 2020. New insights 

from the biogas microbiome by comprehensive genome-resolved 

metagenomics of nearly 1600 species originating from multiple 

anaerobic digesters. (Accepted for publication in Biotechnology for 

Biofuels) 

IV Kovalovszki, A., Alvarado-Morales, M., Ellegaard, L., Ghofrani 

Isfahani, P., Angelidaki, I. Microbial growth lag in anaerobic digestion 

media: an intuitive modeling approach for capturing cellular dynamics. 

(Draft)  



v 

In this online version of the thesis, paper I-VI are not included but can be 
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English summary 

A growing human population and the improvement of living standards both 

require that more food, animal feed and industrial goods are being produced 

worldwide. This continuous development sets high demands on energy 

generation, which in a climate-conscious society must be provided from 

renewable resources to an ever greater extent. 

Anaerobic digestion that is a prominent bioenergy technology and involves 

the multistep microbial conversion of complex organic matter to the versatile 

energy carrier called biogas, has long been considered as a viable solution for 

sustainable energy generation. Due to the difficulties in operating and 

optimizing the digestion, however, interest in advanced information 

technologies to provide reliable process monitoring, forecasting and control 

solutions has been rising steadily. 

The focus of present thesis was therefore to implement and evaluate the 

effects of various functional extensions in a detailed kinetic bioconversion 

model, and by doing so, assess its potential for being applied in diverse 

industrial applications. Moreover, a detailed literature review of the past, 

present and future of anaerobic digestion modelling was also included in the 

document. As a central part of the project, model development involved the 

optimization of its most sensitive kinetic and hydrolysis yield constants; its 

adaptation to simulating co-digestion experiments with an increased number of 

substrates and under various operation conditions; the implementation of 

model functionalities for simulating in situ and hybrid biogas upgrading 

processes; the extension of microbial growth equations to account for dynamic 

temperature effects; and the inclusion of additional model microbial groups to 

enable bioaugmentation process simulation. 

Accordingly, the optimization process was carried out following a 

systematic method, which comprised of the initial selection of parameters to 

be analysed, the sensitivity analysis of selected parameters using calibration 
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study simulations, the numerical estimation of the most influential parameters 

and the evaluation of the estimated parameter set through the simulation of 

validation studies. Thorough analysis of the results showed that based on their 

sensitivity, the initially selected 44 parameters could be reduced to 13, and by 

estimating their values numerically, simulation fits could be improved 

significantly. By introducing a standardized protocol for parameter estimation 

and a universal set of optimized parameters, this work therefore provided a 

simplified solution for simulating anaerobic co-digestion scenarios. 

With regards to the model extension for simulating complex co-digestion 

processes, the tool was suited for the simulation of experimental scenarios both 

in batch and continuous operation, while concurrently the number of potential 

model substrates was increased. Subsequent simulations of a series of 

experiments done in batch and continuous operation showed that the model 

could fit measured data points with high accuracy. Furthermore, analysis 

concerning total volatile fatty acid simulations also indicated that large 

regression errors might arise, in case the absolute scale of measured values is 

small. 

In the next step, the model extension with in situ and hybrid biogas 

upgrading functionalities involved the addition of hydrogenotrophic 

methanogenic archaea and syntrophic acetate oxidizing bacteria as new model 

microbial groups, along with the amendment of gas-liquid equilibrium 

calculations by considering externally provided and internally produced 

hydrogen flows. Following model calibration with non-upgraded experimental 

process data, in situ biogas upgrading simulations were successfully validated 

with upgraded process data, showing high correlation between measurements 

and simulations. As far as hybrid biogas upgrading functionalities are 

concerned, these were also validated with sets of experimental reactor data and 

indicated good model performance, although with higher statistical errors. In 

both cases, however, changes in volatile fatty acid concentration were captured 
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to a smaller degree and highlighted the need for a more detailed modelling of 

the acidogenesis step in anaerobic digestion. 

A further model improvement concerned the extension of temperature 

effect calculation on microbial growth, specifically by separating long-term 

and short-term dynamics. The mathematical implementation was also validated 

using data from two experiments, where long-duration and short-duration 

temperature disturbances were investigated, respectively. The results proved 

to describe experimental trends exceptionally well. Simulating volatile fatty 

acid concentrations, nonetheless, was found to be challenging and supported 

earlier findings, while the simulation of short-duration disturbance dynamics 

were shown to require more research. 

Lastly, the model was adapted for the simulation of bioaugmentation 

scenarios and was therefore extended with ten bioaugmentative microbial 

groups: those being responsible for the same conversion pathways as their 

native counterparts, although with potentially different kinetics parameters. 

The enhanced model was then evaluated with data originating from two 

different experimental setups, both focusing on ammonia inhibited operation. 

Simulation results were in good agreement with measured data points and 

showed the overall robustness of the model in simulating such scenarios, with 

additional emphasis on the need for better short-duration disturbance 

modelling. 

 The overall assessment of results obtained during the thesis work showed 

that the above described individual extensions contributed to the improvement 

of model performance, and by addressing the identified challenges, a further 

extended model can become a valuable tool in monitoring, controlling and 

forecasting full-scale anaerobic digestion processes.  
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Dansk sammenfatning 

En voksende menneskelig befolkning og forbedring af levestandarder kræver, 

at flere fødevarer, dyrefoder og industrielle varer bliver produceret på 

verdensplan. Denne kontinuerlige udvikling stiller høje krav til 

energiproduktion, som i et klimabevidst samfund i stigende omfang skal 

komme fra vedvarende ressourcer. 

Anaerob nedbrydning er en vigtig bioenergiteknologi og involverer 

mikrobiel konvertering af komplekst organisk stof til biogas, som er en alsidig 

energibærer. Anaerob nedbrydning er længe blevet betragtet som en holdbar 

løsning til bæredygtig energiproduktion. Grundet vanskelighederne forbundet 

med at betjene og optimere nedbrydningen er interessen for avancerede 

informationsteknologier til at levere pålidelig procesovervågning, prognoser 

og kontrolløsninger stabilt stigende. 

Fokus i denne afhandling var derfor at implementere og evaluere effekterne 

af forskellige funktionelle udvidelser i en detaljeret kinetisk 

biokonversionsmodel og ved at gøre dette, vurdere dets potentiale for 

anvendelse i forskellige industrielle applikationer. Desuden blev en detaljeret 

litteraturgennemgang af fortiden, nutiden og fremtiden inden for anaerob 

nedbrydningsmodellering også inkluderet. Modeludviklingen var en central del 

af projektet og involverede optimering af de mest følsomme kinetiske og 

hydrolyseudbytterkonstanter; tilpasning til simulering af co-

nedbrydningseksperimenter med et øget antal underlag og under forskellige 

driftsbetingelser; implementering af modelfunktionaliteter til simulering af in 

situ og hybrid biogasopgraderingsprocesser; udvidelse af mikrobielle 

vækstsligninger for at tage højde for dynamiske temperatureffekter; og 

desuden inkludering af mikrobielle model grupper for at muliggøre simulering 

af bioaugmenteringsprocessen. 

Optimeringsprocessen blev udført med en systematisk metode, der 

omfattede den indledende selektion af parametre til analyse, 
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følsomhedsanalyse af udvalgte parametre ved anvendelse af 

kalibreringsundersøgelsessimuleringer, numeriske estimeringer af de mest 

indflydelsesrige parametre og evaluering af det estimerede parameter indstillet 

gennem simulering af valideringsundersøgelser. Grundig analyse af 

resultaterne viste, at baseret på deres følsomhed kunne de 44 oprindeligt 

udvalgte parametre reduceres til 13, og ved at estimere deres værdier numerisk 

kunne simuleringspasninger forbedres markant. Ved at introducere en 

standardiseret protokol til parameterestimering og et universelt sæt optimerede 

parametre resulterede dette arbejde derfor i en forenklet løsning til simulering 

af anaerobe co-nedbrydningsscenarier. 

Med hensyn til modeludvidelsen til simulering af komplekse co-

nedbrydningsprocesser var værktøjet egnet til simulering af eksperimentelle 

scenarier både i batch og kontinuerlig drift, mens antallet af potentielle 

modelunderlag samtidig blev øget. Efterfølgende simuleringer af en række 

eksperimenter udført i batch og kontinuerlig drift viste, at modellen kunne 

passe til målte datapunkter med høj nøjagtighed. Desuden indikerede en 

analyse af samlede flygtige fedtsyresimuleringer også, at der kan opstå store 

regressionsfejl, når den absolutte skala af målte værdier er lille.  

I et næste trin involverede modelforlængelsen in situ og hybrid 

biogasopgraderingsfunktioner tilføjelsen af hydrogenotrofe methanogene 

archaea og syntrofiske acetatoxiderende bakterier som nye mikrobielle model 

grupper, sammen med ændringen af gas-væske ligevægtsberegninger ved at 

overveje eksternt leveret og internt produceret brintstrømme. Efter 

modelkalibrering med ikke-opgraderede eksperimentelle procesdata blev 

succesfulde in situ biogasopgraderingssimuleringer valideret med opgraderede 

procesdata, der viser høj korrelation mellem målinger og simuleringer. 

Biogasopgraderingsfunktionerne blev også valideret med et sæt 

eksperimentelle reaktordata og indikerede god modelydelse, dog med højere 

statistiske fejl. I begge tilfælde blev ændringerne i flygtig 

fedtsyrekoncentration imidlertid opfanget i mindre grad og fremhævede 
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behovet for en mere detaljeret modellering af acidogenese-trinnet i anaerob 

nedbrydning. 

En yderligere modelforbedring vedrørte udvidelsen af 

temperatureffektberegningen på mikrobiel vækst, specifikt ved at adskille 

langsigtet og kortsigtet dynamik. Den matematiske implementering blev også 

valideret gennem anvendelse af data fra to eksperimenter, hvor henholdsvis 

langvarige og kortvarige temperaturforstyrrelse blev undersøgt. Resultaterne 

beskrev eksperimentelle tendenser usædvanligt godt. Simuleringen af flygtige 

fedtsyrekoncentrationer viste sig imidlertid at være udfordrende og 

understøttede tidligere fund, mens simuleringen af forstyrrelsesdynamik med 

kort varighed viste sig at kræve mere forskning. 

Til sidst blev modellen tilpasset til simulering af bioaugmenteringsscenarier 

og blev derfor udvidet med ti bioaugmentative mikrobielle grupper: dem, der 

var ansvarlige for de samme konverteringsveje som deres oprindelige 

modstykker, dog med potentielt forskellige kinetiske parametre. Den 

forbedrede model blev derefter evalueret med data fra to forskellige 

eksperimentelle opsætninger, begge med fokus på ammoniakhæmmet 

operation. Simuleringsresultater var i god overensstemmelse med målte 

datapunkter og viste den samlede robusthed af modellen ved simulering af 

sådanne scenarier, med yderligere vægt på behovet for bedre kortvarig 

forstyrrelsesmodellering. 

Den samlede vurdering af resultaterne opnået i løbet af PhD-arbejdet viste, 

at de beskrevne individuelle udvidelser bidrog til forbedring af modelydelsen, 

og ved at tackle de identificerede udfordringer kan den yderligere udvidede 

model blive et værdifuldt værktøj i overvågning, kontrol og prognoser af 

anaerobe nedbrydningsprocesser i fuld skala. 
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A AcoD 

AD 

ADM1 
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Anaerobic Digestion Model No. 1 
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Sustainable Development Goals 
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VS 

volatile fatty acids 

volatile solids 
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1. Introduction 

1.1. Background 

Recent years have seen an increase in the number of extreme weather events, 

drawing ever more attention to the challenges that a changing global climate 

presents. Together with a growing world population (Gerland et al., 2014) and 

the combat against emissions from societal development (Khan, 2017), these 

factors have become important cornerstones of contemporary discussion (Jones 

et al., 2018; Knorr et al., 2016; Liu et al., 2017). It is in this shifting 

environment that the gradual transition from a fossil fuel economy to a circular, 

renewable energy-based system is taking place (Dominković et al., 2018; 

Gielen et al., 2019). Considering the scale and impact of these developments, 

it appears that solutions to such worldwide problems should come from 

interdisciplinary action, rather than isolated attempts for mitigation. 

The United Nations (UN) has developed a framework of Sustainable 

Development Goals (SDGs) that were designed to address global issues from 

their most crucial aspects (UNGA, 2015). When ranked according to their 

applicability, implementability and transformational impact, three of the SDGs 

stand out as the most challenging for developed countries (Osborn et al., 2015). 

These consider the nations’ actions taken to mitigate climate change (SDG 13), 

their access to clean and renewable fuels (SDG 7) and their achievements in 

optimizing the production and consumption of commodities (SDG 12), 

respectively. While the quantitative indicators of these goals show that 

developed nations as a group have good access to clean fuels in general (Sachs 

et al., 2019), other key metrics imply that collectively they are still far from 

reaching the levels of the best performing individual nations. Moreover, when 

considering countries in the developing and transitioning world, it appears that 

the performances are even poorer, calling for worldwide action to improve 

these conditions. 
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Such improvements presume that governments support two major areas of 

great importance: one being the reduction of country-specific carbon footprints 

by transitioning to renewable sources of energy and the other involving the 

reduction and more circular management of waste materials. 

While some nations have ample high altitude rivers (like China or Brazil) 

to fulfil a large fraction of their electricity demand, an ever growing number of 

countries rely on their solar and wind potential to do the same (IEA and OECD, 

2019). This, however, requires that they integrate these fluctuating energy 

sources in their electricity transmission systems and either use the generated 

power as it is being produced, or store it by applying short- or long-duration 

technologies (Aneke and Wang, 2016; Child et al., 2019). Biomass-based fuels, 

on the other hand, can provide them with a reliable source of chemically stored 

energy, with long storability, high overall capacity and full dispatchability 

(Arasto et al., 2017).  

Considering the waste reduction aspect of the sustainability goals, in recent 

years much attention has been directed to the circularization of material and 

product streams (EC, 2019; The Danish Government, 2018; WEF, 2019). 

While this involves all types of residues, there is a clear distinction between 

the amounts of waste generated from different sources (Figure 1). Accordingly, 

the reduction or re-utilization of organic food waste appears to be one of the 

greatest issues, which on average is responsible for 44% of the global waste 

generation (Kaza et al., 2018) and affects all countries, regardless of their 

economic status. Fortunately, the circular economy of organic matter is a topic 

that has gained particular attention lately, from stakeholders representing 

corporate, municipal and academic entities alike (EMF, 2019; Velenturf et al., 

2019). Besides the numerous techniques proposed for its reduction, the 

conversion of organic waste to high-value biomaterials is a promising approach 

and has been actively researched for many years (Balasubramanian and Tyagi, 

2017; Cerda et al., 2019; de Paula et al., 2019; D’Este, 2017; van der Ha et al., 

2012).  
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Figure 1: The fraction of waste produced in 180 countries in 2018, organized according to 

waste categories and the countries’ economic status. Boxes represent the ranges between 

the lowest and highest amounts recorded, with full dots marking the means and whiskers 

indicating the standard deviations (Data source: Kaza et al., 2018). 

At the intersection of bioenergy and biomaterial production lies 

biotechnology: the science that provides practical tools for applying classical 

biological and genetic principles to solving agricultural, food production and 

material synthesis challenges (Borém et al., 2003). By using naturally 

occurring phenomena or engineered biological systems, biotechnology allows 

researchers to exploit the benefits of living systems at their place of occurrence, 

or take parts or whole systems and apply them in an industrial setting. As a 

traditional discipline of the science, anaerobic digestion (AD) offers a good 

example for this. Through a cascade of bioconversion steps and with the 

contribution of numerous microbial functional groups, AD is a technology for 

producing high-value, intermediate compounds and low or zero-emission 

biomethane for electricity and heat generation (Kougias and Angelidaki, 2018; 

Vasco-Correa et al., 2018). 

Although the technology can supply bioenergy and biomaterials in 

accordance with the circular bioeconomy principles (Fagerström et al., 2018; 
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Tumaševičiūtė and Ignatavičius, 2019), AD has certain limitations. For 

instance, it is usually expensive to build and maintain closed AD systems 

(Benato and Macor, 2019; Velásquez Piñas et al., 2019), challenging to operate 

and optimize them (Patinvoh and Taherzadeh, 2019; Wu et al., 2019) and they 

require skilled operators for managing centralized (i.e. more advanced) 

processes (Dubois et al., 2019). It has therefore become common practice in 

industrial, as well as laboratory-scale AD settings to use process modelling and 

simulation tools, in order to reduce construction and operation costs, improve 

plant management practices and maximize the efficiency of the biological 

process (Batstone et al., 2015; Wellinger et al., 2013). By providing 

customizable inputs for process design calculations, rapid diagnostics of 

running operations and production forecasts based on historical and live 

variable measurements, model-based simulations are seen as a flexible and 

low-cost precursor to plant design, operation and optimization. 

Realizing the potential of the approach, scientists and industry specialists 

have dedicated much attention to mathematical and statistical AD models in 

recent decades, which culminated in a range of implementations and 

applications (Maleki et al., 2018; Mata-Alvarez et al., 2014; Pavlostathis and 

Giraldo‐Gomez, 1991). Due to model developers and users representing 

varying levels of expertise and having different motives for process modelling, 

these tools got further differentiated based on their complexity and ease of use 

(Zielesny, 2016). While simplistic models can be used for rough estimations 

of ongoing biogas production in industrial contexts, more complex models are 

required for designing full-scale and laboratory systems, as well as carrying 

out detailed process research. And although the development of computer 

science and biotechnology has enabled the design and use of ever more 

elaborate computational models for these tasks, much knowledge is still 

lacking about the kinetics of anaerobic biochemical processes (Anukam et al., 

2019; Batstone et al., 2015; Nag et al., 2019; Rabii et al., 2019). In order to 

improve the effectiveness of system design and the predictability of process 
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operation, it is therefore necessary to further improve the scientific 

understanding about the microbiological and physicochemical aspects of AD, 

along with expanding the applicability of AD models to known and new 

scenarios of interest, such as complex anaerobic co-digestion (AcoD). 

1.2. Objectives and thesis structure 

Considering the growing need for AD technologies and the planning and 

operation challenges the process still faces, the principal objectives of the PhD 

project were therefore to improve the functionalities of an earlier generation, 

complex bioconversion model (BioModel or BM) and extend the range of its 

capabilities by model development, calibration and validation using specific 

simulation studies. By focusing on the substrate composition, liquid-gas phase 

interactions and microbial growth dynamics, the overarching goal of the 

project was to prepare the model for full-scale application and consequently 

the online monitoring and forecasting of industrial AcoD scenarios. To 

accomplish the above goal, the principal objectives were divided into more 

specific operative objectives, which were the following: 

a) Compile a brief review of AD modelling, and compare the BM with the 

currently available, most advanced AD models, in terms of model 

structure, advantages and limitations. 

b) Determine the most influential input parameters of the model through 

sensitivity analysis and estimate their values that produce accurate 

simulation results for a wide range of experiments. 

c) Extend and use the model for the determination of ideal substrate mixing 

ratios in different batch and continuous co-digestion experiments, in order 

to optimize future laboratory experiments and industrial operations.  

d) Adapt the model for the simulation of biogas upgrading scenarios, by 

decoupling the hydrogen conversion pathway from its existing 

stoichiometry and adding new functional microbial groups to the model.  
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e) Improve model microbial growth calculations, considering the temporal 

effects of changing operation temperatures on growth, and the inclusion of 

specialized microbial groups in the model for the simulation of 

bioaugmentation scenarios. 

These specific objectives are discussed and elaborated on in detail in the 

subsequent sections, according to the below structure. 

Section 2 provides a brief overview of the state-of-the-art in AD modelling, 

with specific focus on advanced dynamic models and their key attributes. 

Section 3 follows with the discussion of different statistical error measures, 

proposing a standardized approach for the comparison and evaluation of model 

simulation results, and indicating the methods used in the later sections for the 

re-evaluation of previously published studies. 

In Section 4, the analysis of the BM’s sensitivity to its parameters is 

presented (Paper I), followed by experimental case studies simulated with the 

newly estimated model parameter values and using the ideal substrate mixing 

ratios identified (Paper II). 

Section 5 covers the results of extensive model development, enabling the 

simulation of both in situ and hybrid biogas upgrading experiments using 

hydrogen. The outcome of the model development is further discussed in terms 

of specific case studies used to illustrate the concepts (Paper III, Paper IV). 

Finally, Section 6 deals with model microbial growth calculation, and the 

achievements of various studies carried out to improve the process. These 

involve the enhancement of the temperature function controlling the thermic 

effect on microbial growth calculation (Paper V) and the addition of syntrophic 

acetate oxidizing bacteria and hydrogenotrophic methanogens to the model, in 

order to reproduce the shift in microbial communities due to the accumulation 

of certain inhibitors and the subsequent bioaugmentation of such inhibited 

reactors (Paper VI).  
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2. State-of-the-art in AD modelling 

2.1. Fundamentals 

Beginning in 1798 with the introduction of Malthus’ Law of Population (van 

de Walle et al., 1977), the past centuries have seen significant advances in 

theoretical biology, leading to the development of numerous mathematical 

models for biological growth (Vadasz and Vadasz, 2010), and eventually AD 

(Figure 2). These include early models introducing new concepts in growth 

modelling, simplified first-order models, and even complex nonlinear 

bioconversion models, depending on the scope of their design. 

 

Figure 2: A representation of the evolution from theoretical biology to kinetic AD models. 

Black triangles with red text mark notable advances in theoretical biology; black circles 

with green text mark some of the most well-known publications in kinetic AD modelling; 

and black squares with blue text mark the most comprehensive AD model reviews to date.  
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Although many classifications might exist, such models can potentially be 

labelled as: strategic, demonstration and tactical according to their level of 

complexity (Evans et al., 2013); black-box, grey-box and white-box based on 

the quantity of a priori scientific information they are built upon (Kalmykov 

and Kalmykov, 2015); or simplistic, simple and complex, using a more 

conventional nomenclature. While there is no perfect overlap between these 

categorizations, it is generally accepted that progressing from simplistic to 

complex models improves simulation accuracy, although the amount of 

resources necessary to utilize them also increases concurrently.  

Simplistic AD models have been popular due to their resource-efficiency 

and relatively easy application in process planning. One classical example is 

the theoretical biogas yield calculation developed by Buswell and Mueller 

(1952), which models every substrate by its chemical composition and gives 

the expected methane and carbon dioxide production according to 

stoichiometric formulae. While this approach is practical for the rough 

estimation of expected biogas output from certain substrates, it does not 

provide insights on substrate biodegradability, process kinetics or any dynamic 

phenomena. 

On the other hand, simple models such as those of Monod and Contois have 

been extensively used by AD modellers (Manchala et al., 2017), either as 

standalone equations for estimating biomass growth on single substrates, or as 

part of other models. Other types of simplified models are based on a rate-

limiting step (Donoso-Bravo et al., 2011) and can reduce the complexity of 

multistep AD processes, albeit providing simulations that are reliable only for 

a restricted time period. These and similar modelling approaches have been 

reviewed in detail before, see e.g. Lyberatos and Skiadas (1999) or Pavlostathis 

and Giraldo-Gomez (1991). 
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2.2. Advanced kinetic models in AD 

Since the end of the past century, complex models have gradually been 

introduced to AD, with functionalities for simulating the parallel growth of 

various bacteria and archaea, gas-liquid mass transfer and changes in the 

concentration of a wide range of metabolites (Tomei et al., 2009; Yu et al., 

2013b). One of these early models (the BM) was developed by Angelidaki and 

co-workers (1999, 1993) and had a special focus on ammonia inhibited AcoD. 

The model considered three primary substrate fractions (carbohydrates, 

proteins, lipids), two enzymatic and eight microbial processes with cell decay, 

nine intermediate metabolites (of which four were volatile), and ionic 

concentrations for pH calculation. The model design (see Figure 3) was 

validated with experimental data and generated realistic simulations of various 

co-digestion scenarios. 

Due to the growing interest in AD technologies among scientists at the time, 

an international modelling task group was established by the International 

Water Association (IWA) in 1997. The group gathered many contemporary 

pioneers of AD in its membership and was tasked to standardize AD modelling. 

Accordingly, a generalized bioconversion model (the Anaerobic Digestion 

Model No. 1 or ADM1) was created in 2002, building on the knowledge 

represented by earlier models and offering a unified platform for AD 

simulations. In addition to the metabolites and processes included in the 1999 

version of the BM, the ADM1 also accounted for hydrogen conversion as a 

separate step, and it soon became the primary tool for advanced AD modelling 

(Figure 4). 

2.3. New directions in AD modelling 

Although numerous extensions have been made to the reference ADM1 

since 2002, the model is still evolving and is in need of future improvements 

(Batstone et al., 2015). As scientific knowledge about the details of AD grows, 



 

 

1
0

 

 

 

Figure 3: A schematic 

representation of the BM, 

highlighting the metabolites 

(brown boxes), enzymatic 

hydrolyses (orange diamonds) 

and microbial conversion (blue 

circles) included in the 1999 

model version. Substrates, 

metabolites, hydrolysis and 

microbial processes outlined in 

dashed green were added during 

this PhD project. Input lines are 

connected to the left and top, 

while output lines start from the 

right and bottom of each box. 
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Figure 4: Studies using the ADM1 for process modelling or as a reference (Data source: 

Web of Science) 

more aspects of microbial inhibition, growth kinetics, rate-limitation, substrate 

characteristics, and phosphorous and sulphur utilization are required to be 

considered by kinetic AD models (Xie et al., 2016). Concurrently, the 

reduction of large parameter spaces and the optimization of parameter 

estimation methods are also necessary for successful development in the field. 

New trends in biological modelling have recently started to develop, mostly 

at the intersection of biotechnology, microbiology and computer science, and 

with potential interest for AD modellers. These involve the combination of 

metabolic and kinetic modelling for more detailed insights on process 

dynamics and species-level interactions (Hanemaaijer et al., 2015; Weinrich et 

al., 2019), or novel machine learning approaches to forecast future production 

trends based on data recorded historically and in real-time (De Clercq et al., 

2020). Furthermore, the application of computational fluid dynamics (CFD) 

modelling in AD also offers potential benefits, by challenging earlier 

assumptions about complete reactor mixing and generating more granular 

spatial simulations (Wu, 2014; Yu et al., 2013a). 
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3. Statistical aspects 

As could be seen in Section 2, the AD modelling literature is rich and the 

number of simple to complex implementations is plentiful. Given that the 

design and focus of such models can vary greatly, the optimization and 

comparison of their simulations can become challenging, if at all possible. To 

this end, visual observations and certain linear regression measures have been 

commonly used for analysis. However, with the spread of dynamic models and 

novel machine learning techniques for generating simulations, the need for 

nonlinear regression statistics increases. 

Although a range of nonlinear methods can be found reported in scientific 

publications about AD (Bala et al., 2019; Donoso-Bravo et al., 2011; Güçlü et 

al., 2011), there exists no straightforward way to rank them or evaluate their 

performance against each other. The reason for this is that all these methods 

have advantages and drawbacks, which can influence their interpretability 

under diverse conditions. As an example, mean absolute percentage error 

(MAPE) and mean arctangent absolute percentage error (MAAPE) calculation 

does not allow for zero valued experimental points, while the symmetric 

MAPE (SMAPE) function provides an asymmetric error measure that favours 

positive errors to negative ones. In this regard, functions like the root mean 

squared error (RMSE) that square the errors generally perform well, however 

due to the squaring process they tend to magnify the importance of outliers.  

Consequently, it appears that the statistical comparison of experimental and 

simulated data points through various modelling platforms and experiments 

requires a more reliable and generally applicable approach. To offer a viable 

option, a combined statistical model evaluation methodology is hereby 

proposed, using mean errors (ME) and weighted absolute percentage errors 

(WAPE) to provide ample justification during the analysis of results. The 

latter, although not commonly applied in AD contexts, is a preferred error 

calculation method in demand forecasting (Chase, 2013) and agricultural 
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economics (Louhichi et al., 2012). ME and WAPE were calculated according 

to Eq. 1-2: 

 𝑀𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑓(𝑥𝑖))
𝑛
𝑖=1  Eq. 1 

 𝑊𝐴𝑃𝐸 =
100

𝑛
∑ |𝑦𝑖−𝑓(𝑥𝑖)|
𝑛
𝑖=1

�̅�
 Eq. 2 

where n is the number of experimental data points, yi is the i-th experimental 

value, f(xi) is the i-th simulated value in time xi and ȳ is the average of all 

experimental points. These error measures are simplistic enough to be 

considered for calculation regardless of computational resources, and provide 

a complementary measure of accuracy for the regression between simulated 

and experimental continuous variables. More specifically, ME indicates how 

close a simulated curve is to the average of experimental measurements, and 

WAPE correlates the aggregate absolute errors (i.e. the magnitude of 

differences) with this averaged experimental value. While the former can take 

values on the domain of negative to positive infinity, the latter expresses the 

mean absolute errors (MAE) in a scale-free, percentage-based manner and is a 

symmetric measure. Both measures are better when their value is close to zero. 

In line with the above described statistical analysis methodology, the BM 

simulation curves included in Paper I-VI and discussed in the following 

sections were re-evaluated, and their ME and WAPE measures were calculated: 

the results of which are presented in the respective sections. Beyond the 

provision of a standardised dataset for future comparison with different 

models, the aim with this assessment was to enable the performance evaluation 

of the BM through the different types of experiments and the formation of 

general conclusions about the model at the end of the discussion.  
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4. Model optimization and co-substrates 

AcoD modelling was previously shown to be a promising strategy for the 

optimization of the biochemical process, both in treating wastewater sludges 

(Arnell et al., 2016; Montecchio et al., 2019) and agricultural organic residues 

(Bułkowska et al., 2015). In all cases, however, the estimation of the most 

influential model parameters, as well as the fractionation of the co-digested 

substrates proved to be critical factors, influencing the simulation outputs to a 

great extent. Selecting and determining the value of those parameters that had 

a key role in the simulations required the application of a systematic approach, 

comprising sensitivity analyses and targeted parameter estimation.  

In this section, a similarly comprehensive methodology is presented, which 

was designed to enable the BM to simulate a wider range of AcoD scenarios. 

Further to the optimization of its parameter space, the extension of the BM 

with respect to its substrate co-digestion capabilities is also discussed here. 

Firstly, the number of co-digestible substrates in the model was extended from 

two to five, with the option of adding more. This was necessary as certain 

simulation studies in Paper I (Fitamo et al., 2016a, 2016b; Wang et al., 2016) 

involved more than two substrates. In the second step, lipid hydrolysis was 

included in the BM, which was also found relevant to simulate the case study 

from Fezzani and Cheikh (2008) in Paper I and was previously not considered 

in the model. Thirdly and in addition to its continuous process simulation 

capabilities, the BM had also been suited for the simulation of batch reactions: 

given the co-digestion study in Paper II covering batch and continuous 

experiments alike, and in order to provide an integral model solution for the 

simulation of both. 

Regarding substrate fractionation, however, the principle of division into 

carbohydrate, protein, lipid, intermediate and inorganic fractions was kept as 

described in the reference model, along with the expression of their quantities 

in terms of mass concentration units. This approach was preferred to an 
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expression using chemical oxygen demand (COD) based units, due to most 

case study substrates having high total solid (TS) and volatile solid (VS) 

contents (> 20 g L-1), as well as challenges commonly attributed to classical 

measurements of COD in high solid samples (Poggio et al., 2016). 

4.1. Systematic parameter estimation 

Paper I presents a standardized design for the selection, analysis and estimation 

of those BM parameters that, through their optimization, allowed the model to 

simulate various experiments. The experiments were using manure, wastewater 

sludge, urban and agricultural lignocellulosic residues, food waste, glycerol 

trioleate (GTO), olive mill wastes and ammonia as their substrates and supplied 

experimental data for model calibration and validation. 

As the main outcome of the study, 13 of the initially selected 44 model 

parameters (2 hydrolysis yield coefficients and 11 kinetic constants) were 

found to be the most influential on simulation results, considering the 

simulation variables – biogas and methane (CH4) rate, pH, VFA concentrations 

and dissolved ammonium-nitrogen (NH4
+-N) – of highest importance (Table 1; 

Paper I, Table 2). 

Table 1: The 13 most influential model parameters, comprised of the top four determined 

for each of the main simulation variables 

Variable 1st 2nd 3rd 4th 

Biogas rate KI,NH
3

,HAc pKhHAc Hydrcarb,in KD,HAc 

CH4 rate KI,NH
3

,HAc pKhHAc KD,HAc Hydrcarb,in 

pH KI,NH
3

,HAc KD,HAc pKhHAc KS,HAc 

HPr KI,NH
3

,HAc KD,HPr pKhHAc KS,HPr 

HBut KI,NH
3

,HAc KD,HBut KD,HAc pKhHAc 

HVal KS,HVal KD,HVal KI,NH
3

,HAc KD,HAc 

HAc KI,NH
3

,HAc KD,HAc pKhHAc KS,HAc 

NH4
+-N Hydrprot,in KD,AA KS,AA KI,NH

3
,HAc 
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Among these 13 parameters, the constant of ammonia inhibition effective 

on acetoclastic methanogens (KI,NH3,HAc) proved to be the overall most 

significant, as it was the primary modulator of 6 out of the 8 simulation 

variables considered. This and the other fact that the parameters following 

KI,NH3,HAc in their significance were predominantly acetic acid (HAc) related 

can be well understood, considering that free ammonia and acetate were 

defined as the key regulators of the BM (Angelidaki et al., 1993). On the other 

hand, the presence of carbohydrate and protein hydrolysis yield constants 

(Hydrcarb.in and Hydrprot,in, respectively) among the most influential parameters 

was in line with the commonly accepted thesis that the AD of organic matter 

is mainly limited by the methanogenesis and hydrolysis steps (Ma et al., 2013; 

Tomei et al., 2009), depending on substrate complexity and process health. 

By following the methodology outlined in Paper I and estimating the values 

of the 13 parameters selected, the simulations became significantly more 

accurate than using benchmark parameter values, which can be seen in Paper 

I, Figure 4 and 5. With regards to validation case 3 (Paper I, Figure 6), 

however, the study showed that further improvements of the BM microbial 

growth calculations are necessary, with particular attention to inhibitions. 

When compared to the simulations carried out with ADM1, the BM proved to 

be more robust and less sensitive to substrate overload at short hydraulic 

retention time (HRT): a simulated behaviour not improvable solely by 

parameter estimation. 

Despite statistical results further indicating the lack of a perfect fit between 

experimental and simulated data points (Table 2 and 3), the research did show 

that the BM is able to describe both manure- and wastewater-based AD 

scenarios with reasonable accuracy, irrespective of their operational 

temperature. It was therefore the model of choice in all subsequent studies 

discussed in the thesis, providing the computational framework for the 

introduction and validation of the novel concepts. 
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Table 2: Statistical error measures (ME and WAPE) for the calibration studies in Paper I 

  Calibration Study 1  Calibration Study 2 
  e̅ * ME WAPE  e̅ * ME WAPE 

biogas 
R ** 

1.26 
-0.04 8.28%  

n.a. 
n.a. n.a. 

O *** -0.04 7.55%  n.a. n.a. 

CH4 
R 

n.a. 
n.a. n.a.  

0.95 
-0.19 20.98% 

O n.a. n.a.  -0.26 26.76% 

pH 
R 

7.75 
-0.08 1.07%  

7.93 
-0.07 2.42% 

O -0.04 0.71%  -0.09 2.93% 

TVFA 
R 

n.a. 
n.a. n.a.  

2.69 
1.99 74.00% 

O n.a. n.a.  0.81 30.14% 

* e̅ Average of experimental values 
** R Statistics for the reference simulations 

*** O Statistics for the optimized simulations 

n.a. Data not available 

 

Table 3: Statistical error measures (ME and WAPE) for the validation studies in Paper I 

  Validation Study 1  Validation Study 2  Validation Study 3 

  e̅ * ME WAPE  e̅ * ME WAPE  e̅ * ME WAPE 

biogas 
R ** 

1.00 
0.14 14.53%  

n.a. 
n.a. n.a.  

n.a. 
n.a. n.a. 

O *** 0.06 9.68%  n.a. n.a.  n.a. n.a. 

CH4 
R 

n.a. 
n.a. n.a.  

1.31 
0.10 10.26%  

0.90 
-0.54 62.12% 

O n.a. n.a.  0.12 11.14%  -0.62 70.20% 

pH 
R 

7.93 
-0.11 2.98%  

7.79 
0.10 2.17%  

7.37 
-0.64 9.31% 

O -0.06 2.88%  0.32 4.25%  -0.61 9.20% 

TVFA 
R 

0.32 
-0.16 76.83%  

0.25 
-0.26 103.42%  

3.05 
2.50 81.85% 

O -0.41 130.55%  -0.05 54.52%  2.22 76.14% 

NH4
+-N 

R 
n.a. 

n.a. n.a.  
1.37 

-0.12 18.30%  
n.a. 

n.a. n.a. 

O n.a. n.a.  0.10 14.70%  n.a. n.a. 

* e̅ Average of experimental values 
** R Statistics for the reference simulations 

*** O Statistics for the optimized simulations 

n.a. Data not available 

 

4.2. Co-digestion scenario analysis 

Having tested and optimized the parametric capabilities of the BM in Paper I, 

another important condition of its extensive use concerned the flexibility with 

which it was able to account for varying substrate mixtures in AcoD 
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simulations. Specifically, the question was whether the model could accurately 

forecast the magnitudes of the selected variables, for different substrate mixing 

ratios and operation conditions (i.e. batch and CSTR). Therefore, in Paper II 

the focus was on experimentally and simulation-wise testing a predefined range 

of substrate mixing ratios in batch operation, after which the most promising 

ratio was also tested in CSTR operation. The substrates considered were cattle 

manure and the macroalgal species Laminaria digitata. 

According to the first part of the study, six substrate mixing ratios were 

tested, those being based on VS content and assuming 2 gVS L -1 as initial 

organic load (OL). The mixing ratios ranged from 100% cattle manure, through 

step-wise reducing the amount by 20% in each step, to a final absence of 

manure, with L. digitata supplying the balance. The extended model was 

shown to generate accurate simulations of all mixing ratios (Paper II, Figure 

2), with low average ME (0.00) and WAPE (7.06 %) Table (4). Furthermore, 

the simulations supported the experimental finding that higher macroalgae 

content in the substrate mixture leads to higher CH4 productivity, based on 

which conclusion the substrate mixture containing 20% cattle manure and 80% 

L. digitata was selected for testing under continuous operation.  

Table 4: Statistical error measures (ME and WAPE) for the batch assays in Paper II 

  e̅ * ME WAPE 

biogas 

100cm:0a 0.15 0.00 6.22% 

80cm:20a 0.18 0.00 4.69% 

60cm:40a 0.20 0.00 7.43% 

40cm:60a 0.21 -0.01 7.83% 

20cm:80a 0.23 -0.01 9.39% 

0cm:100a 0.26 0.01 6.80% 

* e̅ Average of experimental values 

 

It is noteworthy that although the mono-digestion of L. digitata showed the 

highest CH4 potential among the six mixing ratios tested, it was deemed 

unsuitable for continuous digestion. This was due mainly to the overly rapid 
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hydrolysis, potential high salinity and carbon to nitrogen (C/N) ratio of the 

macroalgae, necessitating the addition of the manure co-substrate. 

In turn, the continuous co-digestion experiment with cattle manure and L. 

digitata was also simulated with the BM (Paper II, Figure 3), by dividing the 

available dataset into a calibration and validation fraction. Using the first 45 

days of experimental data from the 120-day long period, and taking the 

hydrolysis constant determined for the tested substrate mixing ratio during the 

batch operation, the model was adapted to the simulation of the case. This was 

followed by the simulation of the additional 75 days of the experiment, using 

the calibrated model settings. Once again, the goodness-of-fit analysis using 

ME and WAPE showed overall low errors (see Table 5), and therefore signified 

high correlation between the model simulation and the experimental data points 

during the calibration and validation periods. Relatively large errors calculated 

for TVFA were the consequence of big numerical differences between 

experimental and simulated TVFA data points, although their relevance was 

limited given the low absolute concentration levels. The peak in propionic acid 

concentration between day 65 and 75 (Paper II, Figure 3), however, was due to 

a temporary temperature disturbance and was not considered during the 

simulation. 

Table 5: Statistical error measures (ME and WAPE) for the CSTR experiment in Paper II 

  e̅ * ME WAPE 

biogas 
C** 1.10 -0.02 7.17% 

V*** 1.07 0.01 5.11% 

CH4 
C 0.61 -0.02 9.44% 

V 0.60 0.01 5.00% 

pH 
C 7.43 -0.05 1.31% 

V 7.18 -0.05 0.98% 

TVFA 
C 0.41 -0.10 88.74% 

V 0.15 -0.29 120.38% 

* e̅ Average of experimental values 
** C Statistics for the calibration period (day 0-45) 

*** V Statistics for the validation period (day 46-) 
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4.3. Paper I and II: Summary 

The functionalities of the reference BM had been significantly improved 

through a novel parameter optimization method detailed in Paper I, and the 

combined batch and continuous co-digestion simulation discussed in Paper II. 

By validating the model simulations with diverse simulation scenarios and 

recording low error measures between experimental and simulated data, the 

BM was therefore rendered suitable for the simulation of other co-digestion 

cases as well, reaching an important milestone on the path to full-scale 

application.  
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5. Hydrogen and biogas upgrading 

While AD comprises a large number of microbial conversion pathways, these 

are commonly reduced in bioconversion models, in order to limit the number 

of control parameters (Weinrich and Nelles, 2015), simplify the solution space 

and consequently reduce the calculation time of complex simulations (Kil et 

al., 2017). The use of such models, however, is constrained and requires that 

the fundamental AD steps (that is, hydrolysis, acidogenesis, acetogenesis and 

methanogenesis) are included in them, even if they focus on different aspects 

of the process. For instance, one emerging area of AD is biological biogas 

upgrading, where the CH4 concentration of the naturally produced, raw biogas 

is increased via the addition of externally sourced hydrogen (H2) and through 

the activity of hydrogenotrophic methanogens (Angelidaki et al., 2018). In 

order to simulate this process, the methanogenic step of a bioconversion model 

must consider both acetoclastic and hydrogenotrophic methanogenic groups. 

Conversely, the fast conversion of H2 relative to that of other intermediate 

compounds led to the coupling of this reaction with other steps in earlier BM 

versions (Angelidaki et al., 1999, 1993). 

For this reason, Section 5 details further developments of the previously 

optimized BM, allowing it to generate simulations of biogas upgrading 

experiments. The first milestone in this process was introduced in Paper III, 

where the model was amended with a hydrogenotrophic methanogenic group 

and the ability to process H2 injected from external sources. This extension was 

calibrated and validated using experimental case studies with and without in 

situ H2 injection, respectively.  

Then in the second step, the model stoichiometry was modified and the H2 

conversion pathway was decoupled, preparing the BM for the conversion of 

both internally generated and externally provided H2 through hydrogenotrophic 

methanogenesis. In addition, syntrophic acetate oxidizing (SAO) bacteria were 

also added to the model during this step, providing the means for the simulation 
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of dynamic interactions between methanogenic microbial groups. Details of 

the modelling approach, the in situ and hybrid biogas upgrading experiments, 

and the subsequent experiment-based simulations are presented in Paper IV. 

5.1. In situ biogas upgrading 

The reference version of the BM (Angelidaki et al., 1999) considered eight 

microbial groups (see Figure 3), among which only one was responsible for 

carrying out the (acetotrophic) methanogenic step. Thus in Paper III a ninth, 

hydrogenotrophic methanogenic group was added to the model and H2 was 

included in the gas and liquid phase calculations, so that the simulation of in 

situ biogas upgrading experiments would become possible. 

Following the model extension, the new implementation was first validated 

for structural stability, using two experiments where H2 injection did not take 

place. Case Study 1 (CS1) considered the co-digestion of wastewater sludge 

with organic residues (Fitamo et al., 2016b, 2016a), and because data from one 

of its two reactors had been used for model validation earlier in Paper I, it was 

ideal for the comparative evaluation of the extended model performance. On 

the other hand, Case Study 2 (CS2) was not simulated previously, and 

described the co-digestion of diluted cheese whey and manure, in a control 

reactor and another with biogas upgrading (Luo and Angelidaki, 2013). Here, 

data from the former (CS2a) was used to support the findings from CS1 and 

confirm the reliability of the extended model. In both cases, the extended BM 

simulations were found to be in good agreement with earlier simulations (Paper 

III, Figure 2) and experimental data (Paper III, Figure 2 and 3), especially 

under steady-state conditions. Statistical data generated with the methodology 

outlined in Section 3 also supported this conclusion (see Table 6), with biogas 

and CH4 productivity, and pH simulations showing low ME and lower than 

15% WAPE values. Although the simulation of NH4
+-N in CS1 was slightly 

worse than the reference (dashed blue line in Paper III, Figure 2), apparently it 

was not a marked difference. However, total VFA (TVFA) simulations 
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demonstrated significantly higher error levels in both case studies (Table 6), 

owing to poorer experimental data fits during reactor startup (days 0-25 in 

Paper III, Figure 3c) and feed substrate change (days 75-90, Paper III, Figure 

2c). Despite these inadequacies that were attributed to faster acidogenic 

kinetics and better microbial adaptation in reality than assumed in the model, 

the long-term TVFA simulations of CS1 and CS2a were reasonable. More 

importantly, the results showed that the BM with the biogas upgrading 

extension produced simulations, which were comparable in visual trends and 

numerical statistics to those generated with the earlier BM version and the 

experimental data in general. Therefore, the new implementation was found to 

be structurally sound. 

Table 6: Statistical error measures (ME and WAPE) for CS1 and CS2a in Paper III 

  CS1  CS2a 
  e̅ * ME WAPE  e̅ * ME WAPE 

biogas 
K ** 

2143.14 
126.92 7.50%  

881.06 
n.a. n.a. 

L *** 195.01 9.85%  -49.39 7.18% 

CH4 
K 

1306.11 
119.43 11.02%  

483.27 
n.a. n.a. 

L 98.22 9.84%  -69.37 14.62% 

pH 
K 

7.77 
0.24 3.38%  

7.37 
n.a. n.a. 

L 0.17 2.87%  -0.08 1.71% 

TVFA 
K 

243.71 
-31.11 48.18%  

1110.03 
n.a. n.a. 

L -50.66 49.37%  794.90 87.08% 

NH4
+-N 

K 
1326.83 

80.73 14.13%  
n.a. 

n.a. n.a. 

L 113.62 16.12%  n.a. n.a. 

* e̅ Average of experimental values 
** K Statistics for the simulations in Kovalovszki et al. (2017) 
*** L Statistics for the simulations in Lovato et al. (2017) 

n.a. Data not available 

 

Given the successful structural validation of the extension, data from two 

additional experimental case studies was used to evaluate the BM behaviour 

during biogas upgrading with externally sourced H2. Accordingly, the first 

dataset originated from the second (upgrading) reactor of Case Study 2 (CS2b), 

with similar operating conditions to CS2a and the addition of H2 as an 

upgrading medium. Meanwhile, Case Study 3 (CS3) was based on previously 
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unpublished data and involved a CSTR experiment with cheese whey and 

manure as co-substrates, operated initially without H2 and later in biogas 

upgrading mode. A comparison of the experimental and simulated data points 

showed that similar to the structural validation step with data from CS1 and 

CS2a, the extended BM was able to generate overall accurate simulations of 

CS2b and CS3. Biogas, CH4 and pH simulations showed very low levels of 

error for both case studies (Table 7), close to zero considering ME and well 

below 15% for WAPE. Slightly poorer, but generally accurate fits were 

recorded for H2 simulations as well, where ME values indicated good 

agreement with experimental data. In the case of CS3, the relatively high 

WAPE value was due partly to more uncertainty than usual in gas 

measurements between days 85 and 100 of the experiment, and some additional 

fluctuations in measured data bringing the sum of errors to about 30% of the 

experimental mean. Nonetheless, the least accurate simulation fits were those 

of TVFA measurements, with both ME and WAPE values far from acceptable. 

As in the simulations of CS1 and CS2a, the disagreement was most apparent 

during the transitional periods of the reactor startups, but in this case the fits 

of the steady-state periods were also quantitatively suboptimal. Although the 

visual trends between experimental and simulated data were comparable, this 

implies that further model optimization and more experimental data is needed 

on the kinetics of acidogenesis and microbial adaptation. 

Table 7: Statistical error measures (ME and WAPE) for CS2b and CS3 in Paper III 

  CS2b  CS3 
  e̅ * ME WAPE  e̅ * ME WAPE 

biogas  1291.97 -33.69 4.39%  1.41 -0.02 7.75% 

CH4  819.52 -0.66 5.55%  0.98 -0.03 7.57% 

pH  7.80 0.06 1.36%  7.97 0.11 1.48% 

TVFA  579.59 113.67 78.89%  0.17 -0.29 260.94% 

H2  354.19 -4.49 13.89%  0.09 0.02 28.92% 

* e̅ Average of experimental values 

n.a. Data not available 
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In general, the improved BM with in situ biogas upgrading functionalities 

performed well during model valuation, and confirmed the robustness of the 

extension. In all case studies, the simulations of biogas, CH4 and pH were the 

most accurate, with those of NH4
+-N and H2 ranking second. Despite TVFA 

simulations being statistically less accurate, they did describe experimental 

trends to a reasonable degree and showed good predictive potential, given that 

future model improvements took place. 

5.2. Hybrid (two-stage) biogas upgrading 

Following the model extension outlined in Subsection 5.1, it was demonstrated 

that the BM is a promising tool for the simulation and potential forecast of  in 

situ biogas upgrading experiments, assuming constant H2 flows. While this was 

possible using the coupled stoichiometry from the reference model, the 

simulation of more complex scenarios with multistage reactor systems and the 

intermittent provision of H2 gas would require changes in mass balance 

calculations. Furthermore, the model extension with the hydrogenotrophs also 

necessitated that the microbial connection between the two methanogenic 

pathways would be considered, according to the mechanism of the Wood-

Ljungdahl pathway (Campanaro et al., 2016).  

In order to satisfy the above requirements and improve model performance, 

in Paper IV the BM stoichiometric calculations were revised and the intrinsic 

H2 production was decoupled from other processes, according to the equations 

outlined by Angelidaki et al. (1999, 1993). Additionally, a SAO group was 

added to the nine model microbial groups, establishing the metabolic 

connection between acetotrophs and hydrogenotrophs. Despite their use in the 

model, however, the detailed description of the stoichiometric decoupling and 

the addition of SAO to the microbial groups can be seen in Paper VI and is 

further discussed in Section 6.  

With regards to the modelling focus of Paper IV, the research question was 

whether the BM could accurately simulate different biogas upgrading 
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strategies, not limited to the in situ approach. For verification, data from a 

laboratory experiment was used, which set out to investigate the microbial 

activity changes due to hydrogen injection in thermophilic anaerobic digesters. 

Experimental work involved two reactor setups: one operating in single-stage 

(R1) and another two in two-stage (R2 and R3). In the former case, all four AD 

steps took place in R1, with the co-digestion of cheese whey permeate and 

cheese waste powder (Fontana et al., 2018) during operation phase I, and 

external H2 being pumped into the reactor for in situ biogas upgrading during 

phase II of the experiment. Regarding the two-stage setup, R2 was operated 

similar to R1, although it was only considered for the hydrolytic, acidogenic 

and acetogenic steps of AD. For the fourth step to take place, the effluent of 

R2 and the residual H2 gas was fed to R3, which was optimized for 

methanogenesis. 

Computational work covered both the single-stage (in situ) and two-stage 

(hybrid) reactor setups and resulted in simulations of biogas, CH4, and H2 

productivities, as well as TVFA concentrations for R1 and R3, while only 

TVFA trends were simulated for R2. Simulated and experimental CH4, TVFA 

and residual H2 data (in R3) were compared visually in the Supplementary 

Material of Paper IV, while biogas productivities (in R1 and R3), and residual 

H2 data (in R1) are presented in Figure 5. In addition, a statistical re-evaluation 

of measured and simulated data fits was performed according to Section 3, the 

results of which are shown in Table 8. 

By looking at the graphical results (Paper IV, Supplementary Figures S9-

S19 and Figure 5 below), it appears that the trends in all simulated variables 

were in good agreement with experimental data, even though the simulations 

consistently underpredicted measured data points (see positive ME values for 

R1 and R3 in Table 8). Considering the biogas and CH4 productivity curves, 

this could have been due to the low biogas potential of the BM protein gelatine 

(Weinrich and Nelles, 2015) and coincidentally the high protein content of the 

co-digested substrate. However, other factors such as the suboptimal 
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description of the simulated substrate compositions or excessive process 

inhibition could also have contributed to the low simulation results. 

 

Figure 5: Biogas productivity and residual H2 in R1 (a); biogas productivity in R3 (b) 

Table 8: Statistical error measures (ME and WAPE) for R1, R2 and R3 in Paper IV 

  R1  R2  R3 

  e̅ * ME WAPE  e̅ * ME WAPE  e̅ * ME WAPE 

biogas  0.87 0.26 32.35%  n.a. n.a. n.a.  1.15 0.06 24.15% 

CH4  0.45 0.15 35.93%  n.a. n.a. n.a.  0.64 0.21 36.60% 

TVFA  9.02 4.39 49.41%  5.65 -0.08 24.60%  2.76 0.80 35.27% 

H2  0.15 0.03 34.47%  n.a. n.a. n.a.  0.29 0.05 23.34% 

* e̅ Average of experimental values 

n.a. Data not available 

 

On the other hand, while statistics supported the graphical evaluation and 

indicated that the magnitude of cumulative errors was high in all cases (WAPE 

values were larger than 15% in all three reactors), ME values showed a slightly 
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different picture. More specifically, average simulated H2 curves were quite 

close to their experimental counterparts (MEH2
 = 0.03 for R1 and 0.05 for R3), 

which was particularly interesting in R3, due to the complexity of the setup. 

The study found that simulation results generally confirmed the assumptions 

made based on microbial data analysis, and the model served as an important 

tool during the evaluation of experimental trends. 

5.3. Paper III and IV: Summary 

Through model validation using data from experiments of ordinary co-

digestion, in situ and hybrid biogas upgrading, the newly extended BM 

functionalities were tested. Considering the decoupling of H2 metabolism from 

other stoichiometric model equations, the inclusion of the hydrogenotrophic 

and Wood-Ljungdahl pathways in the microbial calculations and the revision 

of gas-liquid mass transfer calculations, the BM extension for the simulation 

of upgrading experiments was found to be successful. The model was able to 

accommodate the complexity of biogas upgrading experiments and be suited 

for their reasonable description, envisaging a tool with relevance for industrial 

process operators and the field of biological biogas upgrading in general. In 

order to be more reliable, however, the model requires further optimization in 

VFA simulation kinetics and the biogas potential calculation of proteins.  
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6. Advanced microbial growth dynamics 

In addition to the optimization of parameters, substrate characteristics and gas-

liquid mass transfer calculations, an equally important aspect of AD modelling 

concerns microbial growth kinetics. As it has been demonstrated in many 

instances, bacterial and archaeal activity is the driver of biological cascade 

processes: the syntrophy of which will determine the efficiency, stability and 

eventually the fate of bioconversion (Morris et al., 2013; Xu et al., 2018). For 

the accurate simulation of AD scenarios, it is therefore imperative to have 

detailed information about the environmental and substrate preferences, 

inhibitors and growth characteristics of the AD microbiome. Most commonly, 

advanced AD models consider the effects of pH, substrate and co-substrate 

limitation, inhibitory hydrogen and free ammonia concentrations, and cell 

death on the growth of microbial consortia (Angelidaki et al., 1993; Batstone 

et al., 2002; Copp et al., 2005). In addition, temperature effects on microbial 

growth also appear in most cases, however these are usually static and consider 

certain operation conditions (IWA Task Group, 2002). The BM, on the other 

hand, accounts for the influence of temperature variations within a continuous 

temperature range, thereby describing their steady-state effects on microbial 

growth on a wider spectrum. Nevertheless, dynamic temperature effects have 

not yet been considered in detail by any of these models, although industrial-

scale AD could benefit greatly from such detailed process information.  

Another relevant aspect of microbial syntrophy in AD involves the ability 

of functional bacterial and archaeal groups to complement or substitute each 

other, given that changes in environmental conditions or the availability of 

substrates shift selective pressure on them (Kirkegaard et al., 2017; Treu et al., 

2016). To control this process, bioaugmentation technology – that is, the 

controlled provision of robust microbial species to a reactor with suboptimal 

performance – have been extensively studied in AD experiments in recent years 

(De Vrieze and Verstraete, 2016; Fotidis et al., 2014; Kovács et al., 2015; 
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Westerholm et al., 2012). Despite the rich scientific literature on the topic, 

however, studies focused on modeling bioaugmentation are rare and are not 

readily applicable to AD (Mannucci et al., 2015). 

Considering the importance of microbial calculations in AD modeling, 

together with the potential improvements the above described fields of interest 

can bring about, Section 6 of the thesis focuses on the extension of microbial 

growth-related calculations in the BM. As such, Paper V details the 

implementation of a dynamic temperature effect calculation method, which 

was included in the growth calculations of model methanogens and validated 

using data from two temperature-wise disturbed reactor experiments. 

Moreover, a novel bioaugmentation modeling approach is outlined in Paper VI, 

for the alleviation of ammonia inhibition on anaerobic digesters and with 

experimental information from two different laboratory-scale studies. 

6.1. Temperature dependence 

Microbial communities are known to be affected by their surrounding 

environment and its varying conditions, to which changes they might have or 

have not adapted evolutionarily (Brooks et al., 2011). Among the numerous 

factors that can potentially influence their growth, temperature is one of the 

most commonly studied and critical ones, both in general ecological (Alster et 

al., 2018) and AD (Lin et al., 2016; Westerholm et al., 2018) contexts. To put 

this microbiological knowledge into practice and optimize temperature 

conditions in AD processes, modelling implementations have been made using 

various approaches (Bergland et al., 2015; Donoso-Bravo et al., 2013). While 

these considered the long-term effects of temperature changes on growth, the 

short-term (dynamic) effects were not addressed, although these can be 

influential in AD processes during phases of temperature transition or 

fluctuations (Iranpour et al., 2005; Peces et al., 2013; Wu et al., 2006). 

Paper V was therefore conceived, aiming to prove that an advanced AD 

model can simulate the dynamic effects of temperature disturbances in 
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laboratory experiments. To this end, a novel temperature effect calculation 

function (described in detail in the paper) was implemented in the BM version 

with eight microbial groups, and experimental data from two laboratory-scale 

studies was used for model validation. Study 1 (S1) involved three CSTR 

reactors operated with the same substrate (manure), at the same conditions and 

for the same duration. The difference was in the temperature disturbance being 

applied to them: initially all three reactors were operated at 37 °C, but between 

day 50 and 60 their temperature was changed to 25 °C (RA), 45 °C (RB) and 55 

°C (RC), thereby simulating long-duration temperature disturbances. 

Using the newly extended BM and data from this experiment, three types 

of simulations were run to validate the model. For the first type, the reference 

BM was used, without the new temperature effect calculation. Meanwhile for 

the second and the third, the extended model was used, with a universally 

applicable set of estimated long-term adaptation (τa) and short-term control 

(shg) parameters (type two); or the same parameters being estimated for each 

individual case (type three). Simulation results were compared to experimental 

data points visually (Paper V, Figure 3 and Figure 6 S1 RA-RC; Figure 6 below) 

and also statistically, according to the methodology outlined in Section 3 

(Table 9).  

 

Figure 6: pH simulation results of S1  
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According to the evaluation, both type two and type three simulations had 

superior fits with measured data compared to the reference simulations, despite 

statistical results for type two simulations in RA being worse than those of the 

reference (see Table 9). This, apart from providing justification for the model 

extension, also indicates the high relevance of a combined visual and statistical 

model evaluation procedure. 

Table 9: Statistical error measures (ME and WAPE) for Case 1 in Paper V 

  RA  RB  RC 

  e̅ * ME WAPE  e̅ * ME WAPE  e̅ * ME WAPE 

CH4 

R **  -0.01 17.04%   -0.04 26.79%   -0.05 31.90% 

U *** 0.32 0.05 19.26%  0.30 -0.01 17.14%  0.29 0.05 16.56% 

B ****  0.02 9.47%   0.03 13.28%   0.02 11.41% 
             

TVFA 

R  0.69 73.99%   1.30 78.80%   1.45 75.25% 

U 1.33 -0.40 84.03%  1.86 0.76 51.02%  2.01 -0.22 56.45% 

B  0.19 51.51%   0.15 49.27%   0.13 40.49% 
             

pH 

R  0.06 1.27%   0.02 1.54%   0.01 1.68% 

U 7.53 0.13 1.80%  7.51 0.06 1.49%  7.51 0.15 2.05% 

B  0.09 1.29%   0.11 1.52%   0.12 1.59% 

* e̅ Average of experimental values 

**R Statistics for the reference simulations 

*** U Statistics for the simulations with universal τa and shg parameter values 

**** B Statistics for the simulations with the best τa and shg parameter values 

 

The second validation study (S2) was carried out using one CSTR reactor, 

with manure and meadow grass as co-substrates. In this case, reactor operation 

was set to thermophilic conditions (53 °C) and was disturbed twice for short, 

one-day long periods. The first disturbance took place between days 77 and 78, 

while the second between days 105 and 106, at which times the operation 

temperature was reduced to 40 °C or increased to 60 °C, respectively. 

Simulations of the study were carried out similar to those of S1, with the results 

visualized in Paper V, Figure 5 and Figure 6 S2; pH simulations shown in 

Figure 7; and the statistical analysis presented in Table 10. 
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Figure 7: pH simulation results of S2 

Unlike in the case of S1, the agreement between the visual and statistical 

analysis of S2 was not apparent, with statistics showing no significant 

improvement from type one simulations to type two and type three. This might 

be true for the simulation of pH (see Figure 7), yet CH4 and TVFA simulations 

presented in Figure 5 and 6 of Paper V indicated that the trends were captured 

much better in extended model simulations. Nevertheless, as the growth 

responses were considerably faster in the simulations than in reality, the overall 

improvement was not on a par with that in the case of S1 simulations. 

Table 10: Statistical error measures (ME and WAPE) for Case 2 in Paper V 

  Case 2 

  e̅ * ME WAPE 

CH4 

R  -0.04 18.93% 

U 0.25 -0.03 19.28% 

B  -0.03 19.74% 
     

TVFA 

R  0.08 39.31% 

U 0.41 0.05 42.08% 

B  0.01 41.13% 
     

pH 

R  -0.13 1.76% 

U 7.54 -0.13 1.73% 

B  -0.13 1.70% 

* e̅ Average of experimental values 

 

In the above paragraphs it was demonstrated that the BM, extended with 

dynamic temperature calculations effective on microbial growth, was able to 
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generate highly accurate simulations in most experimental cases. Although the 

fits of measured datasets with long-duration disturbance were generally better 

than those of the data with short-duration disturbances, the new model was able 

to explain much of the dynamic changes seen under both conditions. On the 

other hand, further work is necessary on simulation aspects like the forecast of 

decreasing VFA concentrations due to changes in microbial community 

structure. 

6.2. Bioaugmentative growth 

Suboptimal operation due to inhibited microbial activity or inefficient substrate 

utilization are recurring phenomena in both anaerobic digesters (Nzila, 2017) 

and wastewater treatment units (Herrero and Stuckey, 2015), resulting in unmet 

conversion potentials and missed or lost profits in full-scale processes. To 

improve such reaction conditions, bioaugmentation has been investigated as a 

viable and low-cost option, offering flexible microbial solutions depending on 

the nature and cause of suboptimality. While certain experimental studies have 

shown significant improvements in augmented reactors, others indicated no or 

little recovery effect, making it challenging to evaluate the technology based 

on independent studies. At the same time, modelling and simulating 

bioaugmentation could support the selection of suitable approaches in a variety 

of cases, given its combination with a sufficiently detailed and generally 

applicable AD model. 

Considering the level of detail and flexibility the BM had, it was therefore 

a suitable choice for the first model implementation of microbial 

bioaugmentation functionalities: a process described in Paper VI. This 

involved further work on the model version with ten microbial groups initially 

introduced in Section 5: more specifically the addition of ten bioaugmentative 

microbial groups identical in function to, but different in their kinetics from 

the native groups. This design ought to make bioaugmentation simulations 

possible, by assuming an initial microbial community and – depending on the 
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augmentation strategy – a range of robust microbial groups to be added to 

simulated reactors. For validation, two experimental studies were simulated, 

each with ammonia inhibition that was later alleviated via bioaugmentation.  

Case Study 1 (Fotidis et al., 2014) presented an experiment using two 

identical CSTR reactors operated under mesophilic conditions (37 °C), both 

being exposed to high ammonia concentrations (5 g NH4
+-N L-1) and being 

bioaugmented at the same time. The difference was in the content of their 

bioaugmentation media: while the reference reactor (RControl) received only 100 

mL sterile growth medium (reproducing the hydraulic effect) during the two 

bioaugmentation events, the other reactor (RBioaug) was treated with 100 mL of 

medium containing hydrogenotrophic methanogens each time. 

In order to simulate the experiment, the growth kinetics of 

hydrogenotrophic methanogens (HyMe) and SAO, as well as the H2 global 

mass transfer coefficient and mass balance equations were re-evaluated, using 

literature data, calculation and liquid flow modifications, respectively. In 

addition, the ammonia inhibition constant of HyMe (K i,NH3,X9
) was estimated 

through parameter fitting. The detailed summary of the procedure, together 

with the list of mass balance equations, yield coefficients, growth equations 

and kinetic coefficients is provided in Paper VI and its Supplementary 

Material. Simulations and measurement data of Case Study 1 were compared 

visually in Paper VI, Figure 1, while the statistical analysis results of 

simulation fits are provided in Table 11.  

Table 11: Statistical error measures (ME and WAPE) for Case Study 1 in Paper VI 

  RControl  RBioaug 
  e̅ * ME WAPE  e̅ * ME WAPE 

CH4  0.31 -0.01 5.66%  0.38 -0.02 5.13% 

TVFA  1.86 -0.24 12.98%  1.17 -0.15 39.51% 

pH  7.73 0.09 1.12%  7.74 0.05 0.61% 

NH4
+-N  4.81 0.01 1.66%  4.81 0.02 1.88% 

* e̅ Average of experimental values 
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According to the comparative analysis, the bioaugmentatively-extended BM 

was notably accurate at describing experimental trends, especially in terms of 

CH4 production, pH and NH4
+ concentration. With regards to TVFA 

concentrations, the fits were statistically poorer, potentially due to the slow 

model response to VFA depletion after the first bioaugmentation on day 13. 

Nevertheless, the general trends in TVFA concentration were captured 

reasonably. 

Using the BM with the same settings as for Case Study 1, Case Study 2 was 

considered for additional model validation, involving three of the thirteen 

reactors described by Yang and co-authors (Yang et al., 2019). The reactors 

were all operated at 37 °C and fed with a mixture of glucose and ammonia (4 

g NH4
+ L-1), in order to establish inhibited process conditions. While the first 

reactor (RControl) was operated without bioaugmentation and as reference, the 

second (RHyMe+SAO) and third (RAcMe) was bioaugmented twice with a 

combination of HyMe and SAO, and pure acetotrophic methanogens (AcMe), 

respectively. Bioaugmentation events took place on day 37 and 41 of the 

experiment. The simulation curves and experimental data points for Case Study 

2 are shown in Paper VI, Figure 3 and 5, while a statistical evaluation is given 

in Table 12. 

Table 12: Statistical error measures (ME and WAPE) for Case Study 2 in Paper VI 

  RControl  RHyMe+SAO  RAcMe 

  e̅ * ME WAPE  e̅ * ME WAPE  e̅ * ME WAPE 

CH4  0.18 0.00 2.66%  0.27 0.01 7.93%  0.20 0.01 9.68% 

TVFA  2.51 -0.21 9.58%  1.88 0.30 16.46%  2.74 0.13 8.57% 

pH  7.55 0.10 1.37%  7.53 0.03 0.64%  7.49 0.04 0.59% 

* e̅ Average of experimental values 

 

Comparable to the statistical analysis of Case Study 1, the simulation of CH4 

and pH was of high level of accuracy for all three reactors, with TVFA 

concentration fits also being reasonable. On the other hand, the visual 

comparison of model-generated and measured CH4 and TVFA values revealed 
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that while RControl was described sufficiently, the dynamic changes in CH4 

production and TVFA concentrations in RHyMe+SAO and RAcMe directly after the 

bioaugmentation events were not followed well by the simulations. This might 

have happened due to the high solubility and fast conversion of the glucose 

substrate in dilute environments, inducing rapid changes that the BM was 

unable to capture with universal growth kinetics. Nonetheless, the long-term, 

steady-state process forecasts were highly accurate. 

6.3. Paper V and VI: Summary 

Section 6 focused on the implementation and validation of new BM 

functionalities in microbial growth calculations. Paper V showed that by 

introducing an innovative temperature effect calculation in the growth of 

model acetotrophic methanogens, the simulation of dynamic microbial 

response to temperature disturbances improved significantly. However, a need 

for enhanced VFA concentration and short-duration disturbance simulation 

was also indicated in the article. Moreover, the ability of the BM to simulate 

bioaugmentation scenarios was demonstrated in Paper VI, with good overall 

results. Some notable weaknesses in bioaugmentation simulation were, akin to 

temperature effect simulation, the suboptimal description of dynamic changes 

after disturbance events and the variation of VFA concentrations thereof. 
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7. Conclusions 

The present thesis is the final assessment of an advanced AD model 

development project, covering a number of modelling topics. The main 

objective of the project was to prepare a detailed bioconversion model for 

industrial application in simulating new, monitoring current and forecasting 

future AD processes and their dynamic behaviour. Specifically, effects of 

parameter estimation and co-digestion on simulations were investigated, along 

with model performance in simulating biogas upgrading experiments, dynamic 

temperature disturbances and bioaugmentation events. The main findings of 

the project can be summarized as follows: 

1. The systematic sensitivity analysis, parameter selection and estimation 

method developed via the BM was found to be efficient in identifying the 

most influential model parameters. By using diverse experimental data for 

calibration, the estimated parameters improved the model simulations of 

other validatory experiments. 

2. Through the inclusion of batch process modelling functionalities and the 

simulation of batch and continuous co-digestion with different substrate 

mixtures, the BM was successfully adapted to the description of more 

complex AD processes. 

3. Model extension with H2 liquid-gas mass transfer and additional microbial 

groups (hydrogenotrophic methanogens and SAO) was validated using in 

situ and hybrid biogas upgrading experiments. The improved BM was highly 

efficient at simulating gas productivities and residues, pH and NH4
+-N, 

while long-term trends in TVFA concentrations were also captured well.  

4. The development of a dynamic temperature effect calculation and 

bioaugmentation functionalities in the BM significantly increased the 

accuracy of simulations, for simulating experimental scenarios with 

temperature disturbances or the bioaugmentation of inhibited reactors.  
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8. Future perspectives 

The project was successful at extending the range of functionalities of the BM, 

and preparing it for the simulation of more complex pilot- and full-scale AD 

processes. However, several aspects of the model require further development, 

in order to ensure that it can be applied not only for simulation, but also process 

monitoring and forecasting. The principal recommendations are summarized 

below: 

1. Improvement of VFA simulations by using experiments with more dense 

VFA datasets, acquiring process VFA data online for continuous model 

optimization and revising model acidogenic growth kinetics to offer more 

simulation flexibility. 

2. Optimization of simulation dynamics following disturbances or changes in 

operation conditions, so that short-duration but large-magnitude fluctuations 

could also be captured by the model. This could be done, for example via 

the introduction of more microbial groups for the further distinction of fast 

and slow kinetics, or the inclusion of additional metabolic intermediates to 

account for more conversion steps. 

3. Investigation of methods for more accurate substrate characterization, with 

special attention to biodegradability and biogas potential, but avoiding the 

introduction of excessive complexity in modeling. 

Additionally, the following topics of interest were identified during project 

execution, which could advance the development of AD models. 

4. The combination of detailed kinetic models with Computation Fluid 

Dynamics (CFD) to obtain location-wise accurate metabolite and biomass 

concentrations in AD reactors. 

5. The extension of AD models with Metabolic Flux Balance Models (MFBM), 

for the consideration of dynamic changes in microbial metabolism and the 

evaluation of conversion feasibilities based on thermodynamic aspects.  
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