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A General Spatial Clustering Analysis Algorithm of
Lifeline Network Event

Zhang Zhonggui' * and Lu Ya’
(1. Faculty of Information Engineering, China University of Geosciences, Wuhan 430074, China;
2. Wuhan Zondy Cyber-tech Co. , ltd. , Wuhan 430074, China; 3. Earthquake Administration of
Hubei Province, Wuhan 430071, China)

Abstract: Spatial clustering analysis of network events can be used to find high incident area of lifeline infra-
structure (such as water supply, drainage, gas and electricity ). Lifeline events are constrained by the network side
and can be abstracted as network events. Spatial clustering will result inconsistent with the actual classification
problem without considering the network topology. Based on events network distance, a general spatial clustering a-
nalysis algorithm of network event is proposed, which could be widely used to find high incidence areas of lifeline,
and with strong practicality. Combined with the example analysis of events in high-risk areas of water supply pipe
network of lifeline engineering blasting, the effectiveness of the proposed algorithm are verified with the example of
the analysis burst high incidence area.

Key words . lifeline; network; event; spatial clustering; network distance





