g% H5H ] BT E N E KA 2021 %5 A
Vol.11  No.5 Intelligent Computer and Applications May 2021

X EHE . 2095-2163(2021)05-0205-04 FE S TP391.41 XikERER: A

K-means++ 0% {f 4L . 572 40 BB BT 9k 53 47 v 1 Kz FALF 55

ARE, F B, K 8B, K F
(B RBFRE HRBEEFE, Wit &3P 065201)

@ E.: K-means++ 52 I AR KRR M —Fh RIS J5 12, i TR T 22 8t K—means 550325 (1800 463 2R 2 .0 B R 5 1 1)
TR — e FERE DA TSR B AR SCEE X K{EME LA TRl R SR P s 8 3 R BGE N CH F8 R ik Bk 5 0 K (6, A\
MR T K-means++5.3%, JF M FHUBMBEEIR R0, THE LR FW, L5 1 K-means++ R ISH % BB AF &
BB RN, T 5 A A i Mo X v, B A T2 8 K—means 532 , X T3t WO 10 T /E HoAG EE A B0 X,

K48 . K-means BB, BN 5B RE0E,; CH #8457

Optimization of K-means + + algorithm and its application
in the seismic-geomagnetic analysis
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[ Abstract] K-means++ algorithm is a kind of clustering analysis method developed in recent years. It solves the problem that the
initial clustering center of classical K-means algorithm is determined at random, and improves the convergence speed. In this paper,
the elbow method, contour coefficient method and CH index method are used to determine the K value, which optimizes the K-
means++ algorithm and is applied to the clustering analysis of seismic and geomagnetic data. The calculation results show that the
optimized K-means++ clustering algorithm can find outliers and correspond to the earthquakes, which is obviously better than the
classical k—means algorithm, which has important practical significance for earthquake monitoring and prediction.
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Fig. 1 Line graph of K—value by different algorithms
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Fig. 2 Clustering results of K-means + + algorithm Fig. 3 Clustering results of K—means algorithm
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