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Peak electric load forecasting considering outliers from smart meters
due to communication delays is a crucial operation in power producer and suppliers (PPSs). To tackle
this challenge, this research has developed a novel Maximum Correntropy Criterion based artificial
neural network for peak load forecasting. The method can modify a kernel size of MCC automatically

and Rmax (a ignoring rate in learning data) is also automatically tuned using early stopping.
Moreover, using the Coin Betting, learning rate for the neural network is also automatically tuned
during learning. Therefore, it is not required to tune various hyper parameters.
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