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Abstrac:t Urban traffic sinujaton js one of the core technologies of ne]|Bent Transport Systam  [ts hasis is O
llectand analyz the real tine traffic iq{é)rnatior} which nclide static and dynamic data How to fuse data fran
mult; sources and extract traffic chamcteristes  the key research point In this Paper we propose a new cluster
ensemhle based multi chjective cluster analysis framewoﬂ,{ and correspond ngly hrng ’f)lvvard a heurjstic clustering
algoritim naned kWANM] The exPerinen#] result Proves ourmethod can handle mxed categoric%l numeric da
@ and attributes with different weBht Its also ah e t0 Perfom mu [ti ¢h pctive cluster analysis [t effective]y satis.
fies he requirament of mu|ti sources data
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