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Batch Edge-Removal Clustering Based on Random kNN Graph
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Abstract: By generalizing batch edge-removal clustering algorithm, the clustering problem can be separated into the deterministic
problem of edge-remove and the construction problem of adjacent graph. Firstly, in this paper, an edge-removal criterion is proposed
according to the shifting under the local Gaussian smoothing of data objects. Secondly, the properties of adjacent graph suitable for
clustering are studied, and a random kNN (RkNN) graph is suggested by introducing the random factor into the kNN graph. A proof is
given to show that RKNN graph can lead to the enhancement of the local connectivity of graph and less dependency between clustering
results and the removal of certain edges. The RKNNCIus is simple and efficient without specifying the number of clusters. The
experiments on synthetic datasets and real datasets demonstrate the effectiveness of the method.

Key words: adjacent graph; batched edge-remove clustering; random kNN graph; edge-remove criterion; local Gaussian smoothing
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Fig.1 Framework of the batched edge-remove clustering algorithm
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Fig.2 Gaussian smoothing results of sph4 under different scales parameter o (solid dots)
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2.3 MIERAELMERE
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Table 1 Common adjacency graphs and graph clustering algorithms
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VPl — A4 R A I T R A i A HE

EX 4(EBHEFL R (global sparsity coefficient, B #R GSC)). % i 484K AG(V,Eac), it Hive 4niE K A
FCG(V,Erce), i XA AG 14 R M b 1t by

GSC(AG) =
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B 7 & AR IE.
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Fig.3 Global sparse coefficients of KNN graphs and kMST for sph3 datasets (k=1~56)
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Fig.4 Local sparse coefficients of kNN graphs and kMST for sph3 datasets (k=1~56)
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Fig.5 Local sparse coefficients of RkKNN, kNN graphs and kMST for sph3 datasets (k=2~4)
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Fig.6 LCC and LDC of kNNG, RKNNG and kMST for sph3 datasets (k=1~56)
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Fig.7 R3NN graph and its local density of dataset sph3 (¢=0.8~0.6)
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Fig.8 R2NN graph and its local density of dataset sph3 («=0.7~0.5)
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Fig.9 RINN graph and its local density of dataset sph3 (¢=0.6~0.4)
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Fig.10 RKNNCIus-the batched edge-remove clustering algorithm
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Table 2 Simulation and benchmark datasets for algorithm evaluation
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Fig.11 Clustering results of RKNNClus algorithm for dataset chained_sph2
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Fig.12 Clustering results of RKNNClus algorithm for dataset sph4
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Fig.13 Clustering results of RkKNNClus algorithm for dataset fork
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Fig.14 Clustering results of RKNNClus algorithm for dataset snake
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Fig.15 Clustering results of RkKNNCIlus algorithm for dataset circle3
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Fig.16 Clustering results of RKNNClus algorithm for dataset semicircle3
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Fig.18 Clustering results of K-Means algorithm for datasets 1~7
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Fig.19 Clustering results of Kernel K-Means algorithm for datasets 1~7(o is kernel radius)
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Fig.20 Clustering results of Chameleon algorithm for datasets 1~7
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Fig.21 Clustering results of MeanShift algorithm for datasets 1~7
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Fig.22 Clustering results of spectral clustering algorithm normalized on RKNN graph for datasets 1~7
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Fig.23 Segmentation results of RKNNClus algorithm for datasets BSD500-8086
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Fig.24 Segmentation results of RKNNClus algorithm for datasets BSD500-2018
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Fig.25 Segmentation results of RKNNClus algorithm for datasets BSD500-3063
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