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RTO: Real-Time Optimization (1/2)
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1) Constrained vs. Unconstrained
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2) Continuous variable optimization vs. Discrete variables optimization
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3) Linear Programming (LP) vs. Nonlinear Programming (NLP)
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4) Static vs. dynamic models
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5) Single objective vs. Multi-objective
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6) Stochastic vs. Deterministic model
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optimization ©]t}. Stochastic modeling 2]
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