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Optimization of k-means clustering algorithm based on KD-tree
XUE Dingwen, LI Jianzhong
(Department of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China)

[ Abstract] As one of the most basic classification methods for pattern recognition, clustering plays an important role in data
analysis in various scientific fields. However, with the emergence of big data, clustering analysis continues to face new problems and
challenges in frontier development such as computing complexity and computational cost. By studying the time complexity O (nk) of
the k—means clustering algorithm, we introduce the KD—tree as an index for the large number of nearest neighbor calculations,
which scenario is special, in the iterative process, and propose approximate nearest neighbor search algorithms based on a single KD
—tree or multiple KD —trees. The algorithms reduce the time complexity of the k—means clustering algorithm to O(nlog k). It is
verified by experiments that the algorithm based on multiple KD —trees has the comparable clustering quality with the k—means
clustering algorithm.
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Fig. 1 KD-tree in 2—dimensional space
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(4) v.left = Build(P1,RD ,depth + 1) ;

(5) v.right = Build(P2 ,RD ,depth + 1) ;

(6) IR 45 v,
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Search(RD ,RT,q) :

(1) depth = 0,PATH = ¢

(2) while(RT # NULL) .
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4% PATH=PATH+ | RT! ;
QUL i, = RD [depth% |RD |1 ;
@ ¢[i,] < RT[i,] ,RT = RT.left;
W RT = RT.right;

@HHT depth = depth + 1;
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Fig. 3 Path of KD-tree in 2—dimensional space
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Fig. 4 Search on two KD-trees
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Tab. 1 Time of the k—-means algorithm

k (a3 ev AT VS
7 5.609
15 11.291
31 22.085
63 42.639
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Tab. 2 Results of algorithm using single KD—tree

k| PATH| JyRIERNR/%  EUNE/s  wRZE/ %
7 3 84.522 3.267 111.88
15 4 92.155 4.079 110.05
31 5 78.831 4.852 103.33
63 6 71.316 5.632 109.02
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Tab. 3 Results of algorithm using multiple KD—trees

k| PATH| JYZRIESRR/%  RmfEl/s b2z /%
7 3.92 96.331 3.671 100.03
15 6.02 97.370 5.678 101.41
31 7.79 90.509 7.152 99.08
63 10.24 89.031 8.441 99.64
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