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Abstract; In order to effectively increase the antifriction bearing failure discovery rate in EMU and reduce the failure misin-
formation, the classical Apriori algorithm was improved based on the Apache Hadoop big data platform, and the improved
algorithm was applied into the research work of EMU antifriction bearing failure prediction. To overcome the limitations of
classical Apriori algorithm, an improved Apriori algorithm under the constraints of professional experience was proposed in
the MapReduce framework. Then the depth data such as the status, failure warning and maintenance history of a certain
railway bureau’s EMU were mined based on the improved Apriori algorithm and the prediction of EMU antifriction bearing
failures was obtained based on some association rules. The results show that with an accuracy rate of 72% , the failure mis-
information of the proposed algorithm is decreased by 80% . and compared with the classical Apriori algorithm, the compu-
ting efficiency of the proposed algorithm is increased by 50%.
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Fig. 1 Improved Apriori algorithm flow
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