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Once trained, the neural network can be used with any new measurements to estimate the new states X . hour, with the confidence intervals marked in magenta.

We estimate the state vector x, where each elements are the voltage
magnitude and phase at each node of the grid, given the measurement Su mma l‘y a nd f ure wo
vector z such that the mean squared error is minimized.
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The functional form of this estimator is complex to obtain. Hence < Beyond certain number of layers all structures perform similarly without any improvement methods used to avoid overfitting.
we turn to the feed-forward neural network model : «  The deep neural network achieves in order of eight times better results than weighed least squares
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This w" that minimizes the MSE is obtained through training of the
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