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Rough Clustering Algorithm Based on Data Field

LI Xue MIAQO Duc-gian FENG Qin-rong
(Department of Computer Science and Technology, Tongji University, Shanghai 201804, China)

Abstract Clustering analysis is the hotspot in Data mining,all the conventional clustering algorithms precisely put the
each object into one cluster, the bounders between clusters are precise,as the development of the Web mining, clustering
algorithms that precisely divide each object face great challenges. Based on the data field theory and classic rough set
theory’s character that processes the uncertainty and imprecise data, a novel rough clustering algorithm based on data
field was proposed, it divides the objects through computing potential value, which avoids the conventional rough cluste-
ring partition method based on euclidean distance. The approach iterates from rough to un-rough incessantly till the sta-
ble clusters form, At the experimental analysis process, we compared the algorithm that we proposed with rough K-

means algorithm and rough K-medoids algorithm, the result shows the algorithm that we proposed has better clusters

on the crossed datasets and fast convergence.
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Algorithm Rough Davies-Bouldin index
Rough K-means 0.638
Rough K-medoids 0. 654
RCDF 0. 654
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Algorithm Rough Davies-Bouldin index
Rough K-means 0. 630
Rough K-medoids 0. 627
RCDF 0. 622

T IRIS BB R, BIEE 26 558 = ¥R xT
SEABGRMMESE, NI RB K RDB #HintE A K.
HR, ATX 3 RCHIEMUBSHBESEAT T HEL. B 4
HATTLUE s, A LR i RCDF Hivk B ERIBSGEE .
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1 1 ; 2 4 6 8 10

303 [ 0.5
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£, IR E— R EE . 35E 101 Ko S0
S8 18 MEERME. BATSFRAETHHBE K-means B
FIHRE K-medoids B ¥kt Hit 47 RC Bk o1, #% K=7,1
BHME ¢ (0. 08,0. 15w, = 0. s RITR AR LR HME
BORTEBT T REL SERE « € [0. 20,0. 25],06=
0. 7s i =0. 9, K=7, %5 RDB R R 3 f RC B 53K
B,k 3 5.
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Rough Davies-Bouldin index
0. 805
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Algorithm
Rough K-means
Rough K-medoids
RCDF
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Algorithm Rough Davies-Bouldin index
Rough K-means 0. 561
Rough K-medoids 0.528
RCDF 0. 503
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