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Conclusion Perspectives

Implementation of stronger physical constraints (positivity, bounds, mass balance) via

Development of a hybrid approach combining physical knowledge and machine learning for additional soft constraints and hard constraints

CO, capture by amine scrubbing Enrich training dataset and refine sampling strategy

Physical knowledge taken into account through Neural Network training on first-principles

ine-tuning of the pre-trai | using high-fidell a transfer learni
model and physics-based constraints derived from fundamental equations Fine-tuning of the pre-trained model using high-fidelity data via transfer learning

Uncertainty quantification (data splits, robustness)

Promising preliminary results despite limited data availability (only 600 datapoints)

L . L Model benchmarking (alternative ML methods)
Faster computation time (few seconds vs few minutes for mechanistic simulator)

Framework extension (other data-scarce industrial systems)
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