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An improved clustering algorithm that searches and finds density peaks

GAN Wenyan, LIU Chong
(College of Command Information System, PLA University of Science and Technology, Nanjing 210007, China)

Abstract ; Clustering is a fundamental issue for big data analysis and data mining. In July 2014, a paper in the
Journal of Science proposed a simple yet effective clustering algorithm based on the idea that cluster centers are
characterized by a higher density than their neighbors and having a relatively large distance from points with higher
densities. The proposed algorithm can detect clusters of arbitrary shapes and differing densities but is very sensitive
to tunable parameter d, . In this paper, we propose an improved clustering algorithm that adaptively optimizes pa-
rameter dc. The time complexity of our algorithm was super-linear with respect to the size of the dataset. Further,
our theoretical analysis and experimental results show the effectiveness and efficiency of our improved algorithm.
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2017 2nd Conference on Swarm Intelligence
and Evolutionary Computation ( CSIEC)

Optimization is at the heart of many real world problems in various fields ranging from scientific research to industry
and commerce. To tackle complex real world problems, experts have been looking into natural processes and creatures for
years. Over the last years, nature-inspired search techniques and optimization algorithms have been became the subject of
many researches and currently are used in various field of science, ranging from scientific research to industry and com-
merce. The two main families of algorithms that primarily constitute this field today are the evolutionary computing methods
and the swarm intelligence algorithms. Many heuristic algorithms in each group are invented where each one has its own
distinguishing features. Furthermore, encountering various problems, algorithms are enhanced by offering different strate-
gies including inventing different variants, producing specialized operators, co-evolution, hybridization, dynamic control-
ling, and so on. 2nd Conference on Swarm Intelligence and Evolutionary Computation ( CSIEC2017) is an opportunity for
researchers to share their contemporary knowledge in the field of nature-inspired intelligent computation based on the prin-
ciples of swarm and evolutionary algorithms. The conference welcomes significant contributions in both English and Farsi
languages.

Topics of interest include but are not limited to.
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