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Abstract

Three-way clustering uses three sets of core region, boundary region and trivial region to
represent the clusters. The determined elements are put into the core region, while the uncertain
elements are put into the boundary region to delay the decision, thus reducing the decision risk. In
this paper, DBSCAN (Density Based Spatial Clustering of Application with Noise) is combined with
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the three-way clustering, and a structural operator is defined by using the natural nearest neigh-
bor algorithm based on the corrosion and expansion ideas in mathematical morphology. The core
region and boundary region are obtained by shrinking and expanding the results of the two-way
clustering. Experimental results on UCI datasets and shape datasets show that this method can ef-
fectively reduce the value of DBI and improve the value of ACC and AS.
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Nep (P)={q e D|dist(p,q) < Eps} (1)

Horh: D ONFEAKIRSE, dist(p,q) A p RIS q ZIAIFEEES .
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#3: 1 DBSCAN H:
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2: while FE7EFRIT N unvisited FIXF 5 -
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foreach x eD:
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if NNN,,, (%)EC;:x eFr(C));
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foreach x eNO:
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PEMNFE R, S2IG4E R ANZ% 3 fizn. Congressional A1 R15 L AS2iG4E al LAE H, =3 DBSCAN HIvERf
HRIKF]T 99%, MK 3 FTLAEH, 5 DBSCAN HIEAILE, ZRISHIEIELIGE FARIGT I RBBR,
DBI FMERA & T B, ACC 1 AS FHEWISAHE Ft, BEIR ACC I EF A G, (AN T 30K, =3¢
DBSCAN GHATELE R FHAS 2] T ARG T . 25 EFriA, mTLLIESEE T DBSCAN [ =3 RBHE L E A

[
Table 1. UCI dataset
= 1. UCI BiE&E
VG S FEARNHL FEA LR T
Iris 150 4 3
Congressional 435 16 2
Forest 523 27 4

Table 2. Shape dataset
5% 2. Shape #iE&E

Hn b FEANHL FEARYERL ek
Flame 240 2 2
Jain 373 2 2
R15 600 2 15
Aggregation 788 2 7
D31 3100 2 31

Table 3. Experimental results on datasets

F 3 BIESE EHSKRER

Datasets Algorithm DBI AS ACC
i DBSCAN 0.4474 0.6180 0.9866
ris
Three-way DBSCAN 0.3664 0.8698 1.0000
) DBSCAN 0.8107 0.3979 0.9902
Congressional
Three-way DBSCAN 0.5877 0.4613 0.9973
DBSCAN 0.6025 0.6351 0.9812
Forest
Three-way DBSCAN 0.3459 0.7327 0.9976
) DBSCAN 0.5046 0.6498 0.7821
Aggregation
Three-way DBSCAN 0.4570 0.7189 0.7872
Jai DBSCAN 0.6018 0.4618 0.9302
ain
Three-way DBSCAN 0.4456 0.6337 0.9377
DBSCAN 0.8168 0.4417 0.9132
Flame
Three-way DBSCAN 0.7175 0.5136 0.9486
R15 DBSCAN 0.3163 0.8971 0.9916
Three-way DBSCAN 0.1248 0.9532 0.9978
D31 DBSCAN 0.5177 0.8001 0.9524
Three-way DBSCAN 0.4017 0.8911 0.9686
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T % Gt SRR AE AL AN 8 A5 BT, s e = R BIIE— 2000, AR i R R . A SO
H TR BIREAS ) SR BT AR I Tl S 28 45 SR 4 il = S 2K, BRI R I 0 R RN 43 B0 Sk rp SR p
Rl B 78 i AR o, DAL o SRt TR IR 1 S 45 TRt 3 AR SR HH PR ARy mT DA o L i
A DL RAPEAIE DBI [FME, AR 3 ACC fil AS [1E. {HEH T DBSCAN RAREESHMIEE FENTH
E, AAET —EMNNHEE, [F T A S P4 R, DBSCAN TEALBRRAEH 0 i PERE LR, (HfE
ERRAEE RS, ZEEMERERIE 2 . BRERIE AN, M B IR W A R AR AT
TEFREG, AABBIERE4ER H Y, fRIE T DBSCAN HIEM A FEdE.
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