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State estimation of power systems refers to a statistical ’
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Adaptive Kalman Filter for Step-varying Processes

Problem:

the KF is not able to track
state step-variations if the
process model uncertainty
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( The challenge - The new PECE method to cope with state step-variations :
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Numerical validation: application to smart grid state estimation
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» Setting of a single parameter N, so that the parameter tuning for

T specific applications is simplified.
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» Drawback: computationally expensive for high-dimensional systems.
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