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Algorithm for Ordering Points to Identify Clustering Structure Based on Spark
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Abstract Ordering points to identify the clustering Structure (OPTICS) is a hierarchical density-based data clustering
algorithm, which can derive the intrinsic clustering structure of the dataset in a visual way, and can extract the basic
clustering information by cluster sorting. However, due to its high temporal and spatial complexity, it can not adapt well
to the large datasets in modern society. With the development of cloud computing and parallel computing,a method to
solve the complexity of OPTICS algorithm was provided. This paper proposed a parallel OPTICS algorithm based on the

Spark memory computing platform. The experimental results show that it can greatly reduce the time and space con-

sumption of OPTICS algorithm.
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Table 1 Dataset information

Dataset Instances Attributes
Iris 150 4
Haberman 306 3
Glass 214 9
LiverDisorders 345 6
Wine 178 13
Tonosphere 351 34
Landsat 6435 36
Phishing Websites 11055 30
Wavelorm(versionl) 5000 21
Skin NonSkin 245057 3
3D Road Network 434874 3
Covertype 581012 53
SUSY 5000000 17
KDD Cup 1999 4000000 41
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Table 2 Details of hardware in single node

Cacl
Processor CPU  CPUfrequency C’La:;: Memorycapacity
type Cores /GHz d/pMB v /GB
Intel(R)
Xeon(R) 24 2.0 15 64
CPU E5-2620

3 R

Table 3 Details of software in cluster

Operating System Cent OS6. 5
Java Version 1.7.0_71
Scala Version 2.10. 4

Hadoop Version 2.5.2
Spark Version 1.4.0
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Table 4 Purity comparison of different algorithms on

small datasets

Dataset OPTICS BOPT MOPTICS  S-OPTICS
Iris 0. 6667 0. 6603 0. 6667 0. 6667
Haberman 0. 7317 0.7325 0. 7315 0.7319
Glass 0. 3585 0. 3604 0. 3498 0. 3536
LiverDisorders 0. 5753 0.5768 0. 5679 0. 5686
Wine 0. 6798 0. 6830 0. 6753 0. 6793
Tonosphere 0. 7036 0.7013 0. 7094 0.7013
Landsat 0. 6536 0.6415 0. 6456 0. 6475
Phishing Websites 0. 5569 0. 5503 0. 5535 0. 5569
Waveform(versionl) 0. 4115 0.4125 0. 4236 0. 4068
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Table 5 Purity comparison of different algorithms on

medium datasets

Dataset OPTICS BOPT MOPTICS  S-OPTICS

Skin_NonSkin 0. 7925 0.7915 0. 7905 0. 7925
3D Road Network 0. 3157 0. 3147 0. 3137 0. 3099
covertype 0. 5238 0. 5268 0. 5258 0.5178
10w-SUSY 0. 5794 0.5734 0. 5744 0. 5759
20w-SUSY 0. 5836 0. 5846 0. 5856 0. 5839
50w-SUSY 0. 5415 0. 5409 0.5419 0. 5415
10w-KDDCup 0. 5803 0. 5783 0.5793 0. 5791
20w-KDDCup 0.5843 0. 5867 0. 5847 0. 5844
50w-KDDCup 0. 5655 0. 5685 0. 5695 0. 5683
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Table 6 Time comparison of different algorithms on medium datasets

Dataset OPTICS BOPT MOPTICS  S-OPTICS
Skin_NonSkin 2912 3025 3167 113
3D Road Network 9878 9538 9668 454
covertype 78653 75154 75689 2027
10w-SUSY 3687 3384 3445 251
20w-SUSY 9802 9005 9454 362
50w-SUSY 73771 70125 71236 2743
10w-KDDCup 3554 3279 3312 75
20w-KDDCup 8562 8045 8369 115
50w-KDDCup 71042 70067 70536 575
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Fig. 4 Time comparison of SSOPTICS on large datasets
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Table 7 The number of matches without wildcard
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