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Contributions

* Uncertainties from all three layers and multiple sources are modeled.
» A feasible hybrid interval-stochastic bilevel programming model is established to simulate the interdependence of

load aggregators and the DSO.

* A rolling horizon optimization (RHO) scheme Iis employed to continuously optimize the consumption schedule.

Uncertainties Modeling for
Residential Appliances

Bi-level Formulation With
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Uncertainty Handling
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Conclusions

* Uncertainties from PV power output, outdoor temperature, and individual consumption behaviors are modeled.
* The proposed hybrid interval-stochastic programming can effectively handle the uncertain bilevel problem.
« RHO scheme can mitigate the radicalness and conservativeness of the day-ahead schedule.
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