MITEXRHIER AR EEZEERLRES A BRI A

E i, B, E #%B,AX4g?
(1. PR SR M A RS LB RTR L 200122;2. FEAEAZERA NG LK 100032)

#  E AT Hadoop #8580 KB 15 R F B2 ab B 75 3K, J0 16 J2 X B30Hie S s M Rk ol 55 8K, T Atz
B B A BARAE BT O & 0 S5 A A R i 2 SR B 2R AT T A A T SRR
BOEAR S (1 S I R A IR R BRI B 1 i B vty S 15 5 4 A B B0HE 4 R A by B2 3R 4R T RS At b BRI
BN R RN PN SR S (20 i S Y I LIRS R S € VN Vg N el R PN I o U S 2 E
KA REE ;WA A ;btorm;ﬂ:ﬁﬂ'{ﬁé?&ﬁlﬂi

doi: 10.11959/).issn.1000-0801.2015212

Steam Computing Analysis and Application on Operator
Real-time Signal Big Data Processing

Dong Bin', Yang Di', Wang Zheng', Zhou Wenhong?
(1. Shanghai Research Institute of China Telecom Co., Ltd., Shanghai 200122, China;
2. China Telecom Corporation, Beijing 100032, China)

Abstract: Big data platform based on the Hadoop structures using offline batch processing mode, unable to meet the
service requirements for data timeliness. In order to solve the real-time signal processing requirements in operator
OIDD(open information of dynamic data)big data platform, the big-data system components of stream computing were
discussed, real-time data collecting, distribution and processing components which formed the end-to-end real-time
signal processing big data technology solutions were recommended, and the solutions of the OIDD big data platform
which integrated batch computing and stream computing were proposed. It will improve the timeliness of the network
signaling data and provide more space for business innovation and bring more benefits.
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