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A method for cluster analysis of
electric power consumers based on in-memory computing

WANG Dewen, SUN Zhiwei
(School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China)

Abstract ; With the rapid growth of electricity consumption data collected by smart electric meters and data acquisi-
tion terminals, the traditional data analysis method cannot meet the demand of smart power consumption behavior a-
nalysis in the big data environment. Since K-means algorithm demonstrates high calculation efficiency, easy paral-
lelization and other characteristics, a method for improving and parallelizing K-means with the resilient distributed
data set and parallel in-memory computing framework is presented, the running time of job operation and 1/0 oper-
ations is reduced, and the ability of clustering analysis is improved. The experimental data set is built by prepro-
cessed electricity consumption data. Eexperimental results show that the accuracy rate by this cluster analysis meth-
od for electric power users is obviously better than the single machine K-means algorithm. The processing speed and
ability of this method are superior to the single machine and the clustering method based on MapReduce parallel
computing framework , and this method has good adaptability for the growth of data.

Keywords : big data; smart electricity consumption; resilient distributed data set; in-memory computing; cluster analysis
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First International Workshop on Applied Intelligent

Information Systems ( AILS 2015)

Our society needs and expects more high-value services. Such "knowledge-intensive" services can only be delivered if the necessary

organizational and technical requirements are fulfilled. In addition, the cost-benefit analysis from the service provider point of view needs

to be positive. There is a large and rapidly increasing literature on how artificial intelligence might be used to developmore" intelligent" in-

formation systems. The proposed workshop will address all possible research in the Intelligent Information Systems.

The workshop will primarily address the following themes :
1) Information Storage and Retrieval ;
2)Data Structures, Cryptology and Information Theory;
3) Artificial Intelligence (incl. Robotics) ;
4)IT in Business;
5) Document Preparation and Text Processing;
6) Industry Sectors;
7) Electronics;
8)IT & Software;
9) Telecommunications.
Website . http ://www.icdim.org/iis.html



