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Abstract; As the continuous improvement of the modernization level of meteorological service ,a huge amount of meteorological data was
accumulated in meteorological department. How to dig out useful knowledge from massive meteorological data is the key to improve the
meteorological service ability. In view of the issues that traditional clustering algorithm cannot effectively processing massive data, the
parallel Canopy—FCM ( Canopy —fuzzy c¢-means) clustering algorithm based on the Spark framework is proposed. The algorithm
combines Canopy algorithm with FCM algorithm, which can avoid the sensitivity of FCM algorithm to the initial clustering center.
Combined with the advantages of memory calculation of Spark distributed framework , the processing time of massive meteorological data
has been greatly reduced. Then,the precipitation situation of different regions has been evaluated through using the monthly precipitation
observation data from April to October of 208 regional automatic weather stations in Tianjin. The experiment shows that the proposed
method cannot only dig out useful information from meteorological data quickly and effectively, but also has higher running speed and ac-
celeration ratio compared with the algorithm based on Hadoop framework. It also provides a new idea for related departments to make ef-
fectively decision on monitoring and early warning of flood and drought disasters and risk prevention.
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