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Abstract: Aiming at the problems from large amount of data, limited transmission links, complex
internal environment and low transmission efficiency of hydropower station monitoring images, a
K-means clustering algorithm based on the MapReduce differential privacy is proposed. Firstly,
the MapReduce parallel framework under Hadoop is introduced into the data extracted by the in-
frared system, to convert the data set into key-value pairs, in order to improve the fault tolerance
rate and transmission efficiency. Secondly, Laplace noise is added to the iterative clustering for
calculating the clustering center, so as to realize the privacy protection of data. Then, according

to the broadband situation of the transmission link, the lossless voltage or lossy voltage segmen-
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ted transmission is selected to ensure the real-time and integrity of data transmission. Finally, we

test the algorithm and evaluate its performance in the infrared monitoring system of cascade hy-

dropower stations in Jilin Tai Basin. The clustering aggregation transmission algorithm based on

MapReduce differential privacy is compared with the traditional K-means clustering algorithm un-

der different privacy budgets. The results show that the clustering availability by the improved

clustering algorithm can reach 94. 5%, that the degree of clustering is better, and that the effect

of data aggregation transmission is better.

Key words: hydropower station; infrared monitoring system; differential privacy; data transmis-

sion; clustering algorithm
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Fig. 1 Infrared monitoring system architecture
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