
Extended Summary

Anaerobic digestion has emerged as a solution for sustainable energy generation and waste management.

This is accomplished by the bacterial digestion of organic waste, or substrate, which produces as an

end product biomethane, a gas used for energy production. To assess a substrate’s energy production, the

Biochemical Methane Potential (BMP) is calculated. The BMP is defined as the maximum methane yield

of a substrate under controlled conditions. Traditionally, this value is measured through the replication

of the anaerobic digestion process in batch assays in the laboratory. However, this experiment requires a

long period of time to be completed, usually spanning 30-60 days.

To address the lengthy experimental timeframe, recent research has turned to machine learning. Models

such as Random Forests and gradient boosting have been used to predict BMP, basing their estimates on

the operational conditions of BMP experimental setups, typically without considering process kinetics.

This thesis addresses the limitations of the proposed models in the literature by proposing a hybrid

semi-supervised physics-informed framework. The data utilized in the work is composed of unlabeled

data, describing the dynamics of distinct experiments with unknown conditions, and labeled data, with

known Volatile Solids (VS) content, temperature, and substrate type. This model is developed after a

kinetic analysis of the data at hand through a Random Forest model, which predicts the BMP; this model

proves that the initial kinetics play an important role in predicting the final BMP, scoring an R2 = 0.914

for a 5-day window. Clustering analysis is also performed, revealing three distinct kinetic regimes of

biomethane production: slow, average, and fast, which are explained in reference to the kinetic models

describing the digestion process.

Moving on, to address the scarcity of the labeled data, a conditional Generative Adversarial Neural Net-

work (cGAN) is employed, in reference to the literature recommendation. This model, however, fails

in producing diverse biomethane production profiles, calling for another solution. The availability of

the unlabeled data is thus leveraged and is merged with the labeled dataset to produce the final model.

An LSTM autoencoder is utilized on the merged dataset to extract the latent representation of the early

biomethane profiles, capturing intrinsic kinetic patterns independent of operating conditions. These la-

tent features, grouped in a vector, are fed into a parameter model, in addition to the other features of

the labeled dataset. The parameter model then predicts the final BMP of the different experiments in

addition to the substrate degradation rate, achieving a cross-validated R2 of 0.915 and an MAE of 30.45
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Building upon the parameter model, the work further produces the production curve of the experiments

through a physics-informed neural network (PINN). By introducing physical constraints to abide by the

first-order kinetic model of production into its loss function, the model reconstructs the full methane pro-

duction curve, which is consistent with the parameter model’s predictions. The overall system achieves

strong predictive accuracy while reducing the required experimental time to fewer than 5 days.

Overall, this work presents one of the first semi-supervised physics-informed architectures for BMP pre-

dictions, accounting not only for the operating conditions but the kinetics of the process. By relying on

the physics of the process, the model serves as an interpretable pathway for biomethane assessment, in

comparison to previously proposed models. This work lays the foundation for future work and improve-

ments from broader and more diverse datasets to embedding with real systems for fault prediction and

production enhancement.
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