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0. New Transformation in Power System
Decision-makings
Power system operation (PSO) faces new challenges for

economic efficiency and stability. Machine learning (ML)
iIs a powerful tool for modeling system dynamics to

2. LAPSO as ML Pipeline

ML surrogate parameterizes constraints/objective
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3. LAPSO as Python Package
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Data-driven modeling into
physics-based optimization.
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1. Shift of modeling paradigm

Optimization (SCO)

Encode as a surrogate constraints

' Left: The complexity of NN determines the No. of binary variables in
| Prapso» Which is related to the computational tractability;
Right: Conservative stability assessor results in extra operational cost.
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1. LAPSO as Mathematical Template
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Integrate physical
optimization in ML
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2.2: Objective-based Forecast (OBF)
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Aggregated Forecast Error (x100MW)

PSO cost vs aggregated forecast

error (aggregated true solar minus
solar forecast).
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Prapso Underestimates
renewable resources to
reduce the frequency
of re-scheduling of
generators and
reserves.
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0 Github: https://github.com/xuwkk/lapso_exp
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