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Table 2 Definition of waveform dataset concept
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Note:bold represents the result of LC-MS-CDC. ®represents LA-MS-CDC significantly better than the baseline method (P <C0. 05);  represents

LA-MS-CDC significantly worse than the baseline method (P<Z0.05).
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A Concept Drift Data Stream Classification Algorithm Based on
Local Classification Accuracy

ZHANG Ling.MA Shilun,LI Lihui, WEN Yimin" "
(Guangxi Key Laboratory of Image and Graphic Intelligent Processing, Guilin University of Electronic Technology,Guilin, Guan-
gxi.541004 , China)

Abstract: The classification of concept drift data streams is a challenging problem. When a new concept ap-
pears,there are too few learning samples of the concept,and the classifier cannot be adjusted in time, which
leads to low classification accuracy. In order to solve this problem, this article proposes a concept drift data
stream classification algorithm, called LA-MS-CDC, based on local classification accuracy. Firstly, LA-MS-
CDC combines k-means clustering and local classification accuracy algorithm to select the optimal source do-
main classifier from the classifier pool. Secondly, the optimal source domain classifier and the target domain
classifier are weighted and integrated to classify the samples. Then,according to the real labels of the classifi-
cation samples,the loss of each classifier is calculated respectively and the weights of the classifiers in the tar-
get domain and the source domain are updated. Then,the classification samples are used to update the target
domain classifier and the optimal source domain classifier. Finally,the update of the classifier pool is comple-
ted. The experimental results on the public datasets show that LA-MS-CDC can effectively transfer the
source domain knowledge to the target domain,and the classification effect of LA-MS-CDC is significantly
improved compared with the existing methods. The algorithm code can be obtained on https://gitee. com/
ymw12345/L.AMSCDC.

Key words: concept drift; multi-source online transfer learning;local classification accuracy; ensemble learn-
ing;diversity
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