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Abstract: A new K-means clustering algorithm with improved moth-flame optimization is
proposed to solve the problem that the current K-means clustering (KMC) algorithm has great
randomness in selecting the initial clustering center, poor global search ability and low clustering
accuracy. The maximum and minimum distance function is adopted to initialize the clustering
center to avoid the problem that KMC algorithm is sensitive to the random initial clustering
center. Then the moth-flame optimization is improved by spline interpolation to heighten the
convergence rate and optimization accuracy. The average distance category is taken as the fitness
function to guide interpolation moth-flame optimization to optimize the clustering center in the
process of KMC iteration so as to improve the clustering accuracy. Compared with KMC
algorithm, K-means+ + algorithm and fuzzy c-means clustering algorithm on the international
standard data sets Iris, Wine and Seeds, the experimental results show that the IMFO-KMC

algorithm achieves the most significant improvement on the Iris data set. Compared with the
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other algorithms, the accuracy of IMFO-KMC algorithm is improved by 0. 67 % -4. 18% , and the

normalized mutual information is improved by 1. 5% -4. 01%.

Keywords: moth-flame optimization; cluster center; K-means clustering; average distance

category; maximum and minimum distance product
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