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Abstract Classification of data streams has become one of hot research spots,and a new similarity-based dynamic en-
semble algorithm was presented to deal with two critical problems, namely, concept drift and noise, Because adjacent data
in data stream has the same concept with more probability, the new sub-classifier stands for the coming concept. Based
on it,ensemble classifier is got by similarity weighted majority voting, and sub-classifier with worst performance is dele-

ted for suiting for concept drift and noise. Experiment result on simulation data set shows the algorithm is best than

other schema in classification accuracy and anti-noise.
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