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Abstract . With the coming of the era of big data,big data is more and more widely applied in various industries, which is also done in op-
erators industry ,but many technical problems are found simultaneously, of which family portraits of shaping is a core for operators of
large data. How to extract and identify the terminal type of fixed—-line broadband is a problem needed to be solved. Unlike mobile net-
work , fixed—line broadband don’t take any accurate terminal information due to lack of signaling channel, so it is hard to conduct termi-
nal type identification in fixed—line. The traditional method adopts UA fields of HTTP GET message parsing and matching for identifica-
tion,but it is low in identification accuracy because of UA non-standardized and the large amounts of terminal number and varieties.
Based on the Hadoop framework ,the UDF of Hive is used,and combined with the distributed crawler for obtainment of terminal library,
the user terminal information online is identified more quickly and accurately. According to the experiment, the accuracy of terminal iden-
tification can reach above 92% ,a substantial increase compared with the traditional method.
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