— 53X

DBSJ Journal, Vol.9, No.2
November 2010

JPZILBALIN—R B FED
=—E

A Proposal for a Real-Time Burst Detection
Method

L FEEY
IND E

SE DI - i

Ryohei EBINA Kenji NAKAMURA
Shigeru OYANAGI

HFHBOI4V R DY A XIZES T/ —RANEEENDUTILE
ALIBHTBEK, T—2AN—LOBRFTIZBWTHAT
H3. ELDN—AMREFZMREShTLDM, ZRETIE
RELHT—AEHETHT, N—RMEVUTILELLIZRETS
FRERETS. ChiX, IRV RERICERETY, ERD
RELVLIFFAENRBICSE<E>TWSHMEHR T 5L
TRBETS. T, IRVIREPRELTH—EHFEADOT—
AEEMRLTERE-BiTTaLIckY, stEEXMZ 3. EERIC
&Y, BREFEOBTREROEMEL, KEODTF—2Z)7ILAE
ALIZDETEETHIEERT.

Real-Time burst detection over multiple window size is
useful for analyzing data streams. A number of burst
detection methods have been proposed, however they are
not effective for real-time detection. This article proposes
a new burst detection method that reduces computation
by avoiding redundant data updates. It analyses events
on its occurrence, and detects the period where arrival
frequency rises rapidly to the previous period. In
addition, it reduces computation by suppressing data
within a certain period even in the case of emergent
increase of events. The effectiveness of the proposed
method is evaluated by experiments with practical data.
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Fig.1 Example of Aggregation Pyramid
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