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A spatial clustering method fusing multiple algorithms for area feature
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(1. Key Laboratory for Ecotourism of Hunan Provice // College of Urban-Rural Resources and
Planning Sciences Jishou University Zhangjiajie 427000 China;
2. School of Geography and Planning Sun Yat-sen University Guangzhou 510275 China)

Abstract: Each spatial clustering algorithm has its own advantages and disadvantages. Spatial clustering
algorithms can be improved and optimized through the fusion of the algorithms’ advantages. A spatial
clustering method fusing multiple algorithms for area feature is proposed in this paper. This method opti—
mizes the initial cluster centers of K — means algorithm by using genetic algorithm and other optimization
algorithms selects the & value of K — means algorithm by using a fast clustering algorithm density —
based and then obtains spatial clustering results with improved K — means algorithm. It improves the ge—
netic algorithm which is easy to be affected by the initial population and has low efficiency. The experi—
mental results indicate that the method is steady and is more efficient and accurate compared to the tra—
ditional algorithm.
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Table 1  Correct rate statistics of each algorithm %
/
1 2 3 4 5 6 7 8
/ 15.2/0.1 12.6/0.2 13.4/0.1 20.7/0.1 12.4/0.1 12.4/0.1 14.4/0 13.6/0. 1
GA / 59.6/21.3 55.1/15.6 57.1/18.0 62.5/24.5 61.7/21.3 80.9/52.2 62.8/22.7 67.6/31.3
/ 85.2/60.1 90.3/72.8 92.1/76.2 89.8/72.7 96.1/88.5 84.9/57.0 89.6/70.4 93.6/82.1
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Fig. 1  Scatter plot of data set



138

( ) 56
1180
1
1.0 = £
f win D
1170 .’T] 253
0.8 | T
2 1160
0.6 ¥ :
< N A
0 % 1150 — ':
0.2 1140}
0.0 = — 1130
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70 80
i FLAEL
2 3 GA
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Table 2 Time consumption statistics of genetic algorithm and optimized genetic algorithm
/min
1 3 5 7 9 11 13 15
GA 1. 64 3.11 7.72 14. 04 24.58 39.04 57.02 87.62
GA 1.25 1.27 0.79 0.72 0.7 0.26 0.28 0.55

Fig.4 Clustering result of the algorithm in this paper

5 K-means

Fig. 5 Clustering result of K-means
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