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A Robust Scheme with Neural Networks
for Nuclear Power Shape Control
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ABSTRACT

Automatic power control in nuclear plants is complicated by the highly nonlinear dynamics in
power shape. A robust scheme with neural networks is presented for nuclear power shape control
in this study. It includes two types of neural networks for inverse dynamics with on-line adaptation
capabilities that provide robustness. The control scheme is applied to a part of load-follow
operation in a revolutionary nuclear power plant. The results implies that the proposed control
scheme can be a solution to automatic power shape control.
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BPL : Back Propagation Learning
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