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Research on Multi-Source Transfer Learning Data Streams Classification
Based on Dynamic Strategy

ZHOU Sheng,LIU Sanmin
(College of Computer and Information, Anhui Polytechnic University, Wuhu, Anhui 241000, China)

[ Abstract] To address concept drift and noise in data stream classification, this paper proposes a multi-source transfer
learning method based on sample certainty. First, the method stores classifiers trained in the multi-source domain. Then
the method calculates /the category posterior probability and sample certainty of each source domain classifier to each
sample in the target domain data block. On this basis,the source domain classifiers of which the sample certainty satisfies
the current threshold limit are integrated with target domain classifiers online, so as to transfer the knowledge of multi-
source domains to the target domain. Experimental results show that the proposed method can effectively eliminate the
adverse effects of noisy data streams on uncertain classifiers, and has better classification accuracy and anti-noise stability
than the multi-source transfer learning methods based on accuracy selection integration.
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Fig.1 Relationship between information entropy and probability
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Fig.2 Waiver classifier
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Table 1 Effect of waiver threshold on performance of
DSMTL algorithm
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Fig.3 Experimental results on dataset D,
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Fig.4 Experimental results on dataset D,
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Fig.5 Experimental results on dataset D,
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Table 2 Comparison of average accuracy and standard

deviation statistics of two algorithms
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