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Research on the Application of the Improved Apriori Algorithm
in Centralized Alarm System

LI Wen-feng', YAN Tao’
(1. Jinling Institute of Technology, Nanjing 211169, China; 2. China Railway Signal &
Communication Shanghai Engineering Bureau Group Co., Ltd., Shanghai 200436, China)

Abstract: The centralized alarm system widely used in the rail transit communication system
does not determine whether the fault data of each subsystem is correct, nor does it determine
whether the fault of one subsystem is related to another. It has no effect on the intelligent iden-
tification of system faults. In order to realize the intelligent identification of system faults,
based on the improvement of the minimum support and minimum confidence of the Apriori al-
gorithm, the minimum support and minimum confidence are dynamically generated, and the
faults of subsystems or the faults between subsystems are analyzed. The research tries to mine
their interrelationships to identify system faults in advance. Through the use of actual subway
projects, the results show that the improved algorithm can effectively identify partial faults of
the subsystems, and can also effectively identify the relationship between the faults of the sub-
systems.
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