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Abstract An effective way to understand the dynamic and time series that follows the passage of time, as
valuation is to establish a model to analyze the phenomena of the system. Model of the decision process is
efficient clustering information of the total mass of the time series data of the relevant population been
collected in a particular number of sub-groups than to look at all a time to an understand of the overall data
through each community-specific model determination. In this study, a sub-grouping of the group and the first
of the two process model of each cluster by determining, in the following in sub-population characterized by a
fusion with heuristic Bayesian clustering techniques proposed a process which can reduce calculation time and
cost was confirmed by experiments using actual effectiveness valuation.
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[Fig. 1] Cluster estimation by data length

Cluster estimation by data object number
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(Table 1) Cluster estimation by data lengths

MML HHB PCB
Length 20 2 1 1
Length 40 3 3 3
Length 60 3 3 3

(Table 2) Cluster estimation by data object number

MML HIHB PCB
Object 5 2 1 1
Object 10 3 3 3
Object 15 3 3 3
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(Table 3) Cluster estimation by data lengths

MML HHB PCB
Length 20 3 2 2
Length 40 4 4 4
Length 60 4 4 4

(Table 4) Cluster estimation by data object number

MML HHB PCB
Object 5 3 2 2
Object 10 4 4 4
Object 15 4 4 4
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