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ABSTRACT

Although the Spherical k-means algorithm gave a linear time complexity, it is not appropriate
for large scale data size. Hence, the parallel algorithm has been applied to the Spherical k-means for
large scale data size, and to reduce the computation time. However, the Spherical k-means use an
iterative procedure, it is known that, the accuracy of results are especially sensitive to initial staring
point. Due to the Spherical k-means used random algorithm to setup the initial starting point, there is
a room for improving the initial starting point. In this paper presents a procedure for refined starting
point based on Spherical k-means. Furthermore, the Refining Initial Point implement in parallel
algorithm. Experimental result shows that the accuracy of documents clustering is increased up to
7%. This means the improvement of the accuracy of documents clustering can be obtained by

applying Parallel Refining Initial Point Spherical k-means algorithm.
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Table 1 Comparison of F-Measure by variation of Number of Documents

F-Measure Spherical Refining initial point Spherical k-means
k-means $=5% s =10% s =15% s =20%
Mean 0.7138123 0.7650168 0.7654902 0.7660425 0.781296
Max 0.7519461 0.8131706 0.8342100 0.8003366 0.8243215
Min 0.6130865 0.7450032 0.7437408 0.74332 0.7479487
Table 2 Comparison of Processing Time by Variation Number of Documents
Time Spherical Refining initial point Spherical k-means
(Sec) k-means s =5% s =10% s=15% s =20%
Initial 1.6041 25.7067 69.6603 99.7445 137.0711
Clustering 126.1369 70.2335 67.6328 65.4918 53.2102
Total 127.7410 95.9402 109.1841 118.1496 190.6513
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Table 3 Comparison of F-Measure by Variation of Number of Iterations

F-Measure Spherical Refining initial point Spherical k-means

k-means =5 =10 =15 | =20
Mean 0.7138123 0.7637019 0.7654902 0.7766148 0.7834789
Max 0.7519461 0.8119083 0.8342100 0.8091732 0.8386282
Min 0.6130865 0.7332211 0.7437408 0.7534189 0.7519461




Table 4 Comparison of Processing Time by Variation of Number of Iterations

Time Spherical Refining initial point Spherical k-means

(Sec) k-means =5 =10 =15 =20
Initial 1.6041 30.8270 69.6603 94.8359 130.5458
Clustering 126.1369 68.9700 67.6328 61.2517 59.1563
Total 127.7410 99.7950 109.1841 156.0877 189.7022
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Figure 2 Parallel Speedup to execute on different Document Size, 600,1200,2400 and 4800
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