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Abstract In this paper, for using emerging pat-
terns to define and analyze the significant difference
of safe and non-safe power load lines, and identify
which line is potentially non-safe, we proposed an in-
cremental TFP-tree algorithm for mining emerging
patterns that can search efficiently within limitation
of memory. Especially, the concept of pre-infrequent
patterns pruning and use of two different minimum
supports, made the algorithm possible to mine most
emerging patterns and handle the problem of mining
from incrementally increased, large size of data sets
such as power consumption data.
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