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Anaerobic treatment of sewage has great potential for large-scale application in the future, as it can generate
usable biogas. The amount of gas produced is related to the COD concentration in the sewage; however, due to
fluctuations in influent COD, it is difficult to make accurate predictions using conventional mathematical methods
or modeling approaches. With the advancement of artificial neural networks, prediction models using deep learning
have begun to be applied in various fields. In this study, we aim to develop a prediction model using deep learning

to estimate the biogas production from anaerobic sewage treatment.
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