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[Abstract]

The power generation industrial network is a typical closed network structure that requires stable system operation. The
domestic industrial network continuously promotes the expansion of renewable energy to diversify energy sources. Unlike existing
large-scale power generation facilities, renewable energy power complexes operated by power generation companies are exposed
to the outside world. It is difficult to apply a closed network policy due to the limitations of small individual power generation

capacity, therefore, a differentiated approach is needed in reality.
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Fig. 18. Anomaly detection mechanism
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