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The Application of the Adjustable Multi-times Clustering

Algorithm in Telecom Data
Teng Shao-hua Wu Hao Li Rigui Zhang Wei Liu Dong-ning Liang Lu
( School of Computers Guangdong University of Technology Guangzhou 510006 China)

Abstract: Huge amounts of telecom data are generated every day so how to extract useful information
from the data is one of the data mining problems. Because different applications need different clusters

sometimes a single K-means cluster algorithm cannot generate user-specified K clusters. An adjustable
multi+imes clustering mining method is proposed. A big value K was used in the K-means clustering al—
gorithm for the first time and K clusters were obtained. They were used to select the number of the clus—
ters and the initial centers of the clusters for the second time. The experimental results show that our
method is effective and it can be applied to mining different amounts of clusters and big data analysis.
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Fig.1 The adjustable multi-times clustering process
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Fig.2 Diagram of the adjustable multi-times culstering re—
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Tab.1 Main data and instructions in measurement reports

() ()

TIMESTAMP

SIM
IMSI

TMSI
SEQUENCENUMBER MR

LAC

LA 1
cl C+C

TET ( terminal endpoint identifier) . 0 ~63.

480m:s
TA ( timing advance) ms

TA.
0~63 bit 1bit 554m.

BSPOWER

RXLEVFULLUP ( full) TCH SACCH TDMA RXLEV ~ RXQUAL
RXQUALFULLUP ( full) db.
(
(

RXLEVSUBUP
RXQUALSUBUP

( DTX) RXLEV ~ RX-
QUAL full . db.

MSPOWER

RXLEVFULLSERVINGCELL

(full) TCH SACCH TDMA RXLEV ~ RXQUAL
RXQUALFULLSERVINGCELL (full)

(

(

db.

RXLEVSUBSERVINGCELL
RXQUALSUBSERVINGCELL

) ( DTX) RXLEV ~ RX-
sub) QUAL full . db.

NEIGHBOUR1RXLEV 1
NEIGHBOUR2RXLEV
NEIGHBOUR3RXLEV
NEIGHBOUR4RXLEV
NEIGHBOURSRXLEV
NEIGHBOUR6RXLEV
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Fig.4 The diagram of the algorithm efficiency
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