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Abstract With the expansion of the scale of electric power communication network, the electric power communication
network continuously produce huge amounts of data communication. At the same time, the communication network at-
tack means is in constant evolution, which brings threats for the safety of the electric power communication network. To
solve above problems.,combining with the Spark big data computing framework and the advantages of PSO, the Spark
memory computing framework of parallel PSO optimization neural network algorithm is put forward to predict the secu-
rity situation of electric power communication network. This study first introduced the Spark computing framework, the
Spark frame has the characteristics of memory computing and quasi real-time processing,accord with the requirement of
electric power communication big data processing. Then PSO optimization algorithm was proposed to modify the
weights of neural network,in order to increase the study efficiency and accuracy of neural network. Then with the com-
bination of RDD parallel characteristic, this paper proposed a parallel PSO optimization neural network algorithm.
Through experiment and comparison,you can see that Spark framework based PSO optimization neural network algo-
rithm has high accuracy,and compared with prediction method based on Hadoop,its processing speed has improved sig-
nificantly.
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