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ABSTRACT

Process mining aims al extracting usceful information from system log of business
process execution. As process aware mlormation systems, such as BIPMS, ERD, and
SCM. spread. researches on process minmng get more significance. In this paper, we
propose the melhodology of cluslering process log before process mining and also present
Lhe prololype system. The proposed melhodelogy can be used in accompany with the
existing process nmunmg  algorithms to improve then performance. The process log
cluslering system PROCLE, presented in Lhis paper, supporls Lo classify the process
inslances in Lhe svslem log in order o extract the appropriate level of process model
according to the users’ need. The proposed methodology was implemented on the open
platform lor process nunng, ProM.
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3 : while (C) < k do
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6 : update cluster(L, u. v. w).
7+ update_similarity(S. w) .

8 . end while
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{Figure 3> K-means algorithm
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