Integrating Process-Based and Machine Learning Approaches for Estimating the Global Methane Soil Sink
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Natural methane (CH,) oxidation by microbes in upland soils is the second largest sink in e We used a model with microbial dynamics including High- and Low-Affinity Methanotrophs e We pre-trained a deep neural network (GRU) on data from the process-based model.
the global CH, budget (Saunois et al. 2020), but its magnitude and long-term trend are (HAM and LAM, respectively) (Zhuang et al., 2004; Oh et al. 2020) and optimized explicit e Evaluating the model on held-out simulated data (R2=0.91), high accuracies were achieved
uncertain (Conrad 2009; Belova et al. 2020). methane oxidation processes for regions with 8 different vegetation types. for well-represented vegetation types, but performed worse on some vegetation types.
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based meta-analyses and process-based models. Table

* Temperate Forest CH4,year 1950-2020, R2= (bad) RMSE=0.46

e Methane oxidation was higher in low soil moisture and high temperature conditions, and
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e \We are developing a novel KGML framework that synthesizes process-based and
machine-learning models, as well as multi-source direct and indirect observations of soil
CH, oxidation, to quantify the spatial and temporal variability of the global CH, soil sink.
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Figure 7. Evaluating pre-trained model on held-out simulated data, for different Temperate Forest sites.
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