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Toward Integrating Operation Research and Machine Learning: Boosting
Power System Operation Economics via Closed-Loop Predict-and-Optimize

lll. What is Closed-Loop Predict-and-Optimize? It is an idea.

l. Introduction

V. Major Results

Real-world operation is “predict-then-optimize”: Traditional Presented
Closed-Loop vs. Open-Loop
1) Machine learning predicts uncertainties; Open-Loop Predict-then-Optimize Closed-Loop Predict-and-Optimize o
2) Given predicﬁonsl SChedUIing p|CIn is Opﬁmized. Prediction Optimizaﬁon Prediction Optimization o 668 | Upper Bound: Cost of Open-Loop Predict-then-Optimize with Accuracy-Oriented Prediction
O ] s es en en an as e e ar an an an er ar ar ar e e e ar as as e oar ar ar es e e e as e e
« e e o . . . g ) g ) e ) 4 3 2 < 665 . —1- . —
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* Economics: Closed-loop reduces 0.5%-0.8% cost.
* Measure prediction quality with prediction * Measure prediction quality with operation Implication: Closed-loop is effective.
Il. Motivation accuracy. cost.
(Open-loop and accuracy-oriented) (Closed-loop and cost-oriented) Type of Mean Absolute Percentage | Root Mean Square
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Machine learning predicts energy Calculate operation cost: ( P ) ( P ) ° Accuracy: Cost-oriented W has a better MAPE (340A)) but
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With prediction W, optimize With realization W, optimize IV. How to Closed-Loop Predict-and-Optimize? Two steps to go.
operation plan x* by solving x* adjustment plan y* by solving in a better operqﬁon economics.
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Point B m n optimize operation plan X. the operation even if scenarios are few. operation cost.
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