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*  Industry 4.0: ) Objectives & Scientific Challenges
- Heightened complexity in industial systems
- Need for real-time decision-making 1 ~
- Investigate data-driven optimizations * Uncertainty handling: ‘; :’
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* Predictive maintenance in the era of digital twins (DT) e Data-driven Optimization: A
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e State of the art research :
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 Improved System Availability and Stability:

Notable improvement in system availability, stability
and performance resulting from the comprehensive
integration of approaches above mentioned.

* Explore exact mathematical models through a probabilistic
optimization approach, focusing on small and medium
problem instances.

. L . Monitored * Validation of the
* Explore new data-driven optimization approaches (e.g. Predict- parameter .
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