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OVERVIEW: Building Physics-Informed Neural Networks for CONTRIBUTIONS:

accurate forecasting of extreme climatic events using a physics-informed
differential Iearning apprOaCh for mltlgatlng the impaCtS of severe climatic ° Mode“ng the tempora] evolution of real-world extreme

disasters. climatic events by integrating the physical knowledge into
the data-driven forecasting mechanism.

 The dynamics of the Van der Pol oscillatory system is
Infused with the data-centric long-short term memory
(LSTM) model using transfer learning and a physics-
Informed loss function.

* Enhancing the modeling and forecasting capabilities of the
LSTM framework for nonlinear dynamical systems.

 Reducing the computational complexity and data
requirements of the LSTM model

 Modeling the nonlinear dynamical systems of extreme climatic
phenomena Is an open scientific challenge.

* Physics-based dynamical systems provides an efficient mechanism for
understanding the inherent dynamics of the chaotic systems.

* Machine learning approaches are vital for modeling the long-term
system trajectories from a data-centric perspective without particular
emphasis on the physical laws governing the system.

METHODOLOGY: Physics-based Loss Function
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Table : Short-term and long-term forecasting performance (RMSE and MAE) of the proposed Fig: Visualization of the multiple comparison with the best
VPINN model in comparison to the state-of-the-art forecasting techniques (best results are high- (MCB) analysis w.r.t. RMSE. The Y-axis of the plot shows the
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lighted). average rank and the X-axis represents corresponding model.
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Fig: RMSE (error metric) values of the proposed model and the state-of-the-art for Turkey Seismic Waves dataset at each forecast steps.
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