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Predictive State
Estimation 2: Multi-

kernel Learning

e Multi-Kernel Learning
— Vector-valued function Fox sz
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Predictive State

Estimation 2: Clustering

* Clustering Method
— Clustering buses according to the electric distance
— Linear approximation of voltage magnitudes
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Simulations

* |EEE 33-bus system
* One PV system at bus 7
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Frequency

Forecast Error Distribution —

Error within +10%
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Forecast Error Distribution —

Error within +10%

Rayleigh Distribution
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Conclusion

o Testing results demonstrated the PSE method is robust
against forecasting errors

o Forecasting error distribution is directly correlated to
PSE error distribution
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