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standard deviation)d #H$ o E¥HAdE AT EE(Gaussian
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F JEE s 34 A 19e oM (customer segmentation), 37 ¢
dolgl, AF dolg, AHHE el & Bz A = 249
&3] W& el (pattern recognition) 5 ®$ thoFd Euald
g2 5 dd2, 12].
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42 Ay FL A Partitional, Hierarchical,
Density-based, Grid-based Z8 26 d < Fo 47MA 2 BRHdE. &
gk S8 HIs e I FES A7 HlAE oY 722

o2 2.4=0] = oo 6]
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A5 SezE FALENEHY A Fo| HistEe AAS I
starzl & Fo|th, S 2E FH2ERE ARyt &L Feo] AT of
A 58 dlAHE K-Meansyt K-Medoids®} 72 partitional &3]
Zol 3 A&gt}l. v A (raster) dlolEEA 3 ojuj| A e

&894+ density-based ¢iLg]Fo| g slc).
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K-Means, S22 U4 7134 F3te] HA3s= AL medoidet 33 of
AL FAoZ AL35lE K-Medoid?t 95, 6].

(2) Hierarchical €8 288 418 =

Hierarchical 2823 ¢z FS 425 502 g delg
FQE 27E AEAQ pie] ZE AR B ke e 2Es} 2
A AL FEE b Beld. Se2EHE 3 E A= AYs MR )
74E F SHEHE WA Ao drlde g7 AL e I
B2 B shve FelE £& FEZZAE UET gz FHE Jrte

B3 2 AHAS 7H s S

HZ Adste] FRzAE 93T dAA o F& PROE br:

flo

agglomerative hierarchical 2 2¥

divisive hierarchical E#2€ o] glt}.

742 9 FA 4l hierarchical F8] 288 L3 S = dojg AE &%
< AL FESEZEHE ¢F3d oAE AR I AHII}E
BIRCH(Balanced Iterative Reducing and Clustering using
Hierarchies)[14], Z+ Zd 2¥ v} dEZ 22 sl}rt ofd oy 7o 2
T3 Hol AHdd T gIEFE 0~-14°]9 HWHE 7IA = shrinking
factore]l 93 F2Ee FHLE & F  FHAHASNE=

CURE(Clustering Using REpresentatives)7} 9 t}[5, 6, 7, 14].
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WU E(density)®] 7Hde] 71 & MEL F32H
t}, o)A L dntd o outlierdt

TEEHE delg T4 2R g9 HelgE S iHE 753
density-based W 2 outlierE A Az = AH2" £ 9 999 wefs
7 Ee2HE 2AE 4

density-hased Z#H2HdA Uy Fd = DBSCAN(Density-Based

oL
=
o
=
-3
1
kd
¥o

Spatial Clustering of Applications with Noise), OPTICS(Ordering
Points To Identify the Clustering Structure)), DENCLUE
(DENSsity -based CLUstEring)7} v} 22, 23, 24].

(4) Grid-based E8]2H% <18 &
DBSCAN, OPTICS%} %2 density-based Z# 28 ¥ gy =L 3

A9d A4S F&AKe] dojal= Malsvk(index-based) WHeoltl, o]

7
Zy 2 g &AL FAANI Y Y& grid-based F#2¥d dyuIS

2 AAHgrid) dlolg Fx& A£3). Fe2Edo] Sy o BE
A4 AATE AdAA IS FIN cell® 3 vwrt. ol
Ao F2 AHL doleg Fol FHHA wE A Aok 1} o}
FolzAlE T & 7 o] @A celld] Fo & F3h.

grid—-based €32 ZFd= A7} cellete] AAHE A4 AWE

3l WaveCluster, 222 F7Ho 49 S8 2€E L s3] dx9 UEE
7o g ¥ ¥ & E¥sE CLIQUE(CLustering In QUEst)7} 9ltH2,
5, 6.
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1) K-Means

BEE Y S 393 F2HY 3 FLR g x3ed 7ol K-Means
Means® 8 2E 9 F4(center) 224 Z#2EHU & H
F7MH(H F)E& AHE3E partitional F8 268 &3 Folr}. K-Means
a3 & & 2o AA, k-T2 Z7] Y EFeE A4d
g =4, 4 meand 7} Th7kE I &
Hol A& 23 ARE I 2E HFF 2R 2 means HA}E I
A W3y 9& w7tA wbesle k-EY2EHE Fiv. & =FdAE A
" ¢ FEH vxstr] 3 K-Meansg AH-&-3He).
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3. A4 dlolE e HIAF I LT

Aol S & £ gt olHd fZHE 2 A F2 AU o+
LA deJelo] WAsE AA Hol F 73 B F&o| iy HEF W
FAFNBRA AR ML FHiFEE 299 F3(Dimensionality
reduction)#} AA 24 F d¥9 AYDE Agse FHXAEHT de

subspace clusteringl] #3}e] o} ¥},
1) 219 ¢] #2Z(Dimensionality reduction)

214 F49 durH e EF L &A o] W3 (attributes transformation)

7 Ev|ale &3 (domain decomposition)e] t}.



g ol & F gk oE SolA dY EHE
OLAP-type dlolele] daix, 5A7|7F Fako(d; Ld, &7¥) H o}
3 22 roll-up FAHE 3 Aoloh i F FAFAAE FAE A
(PCA - Principal Components Analysis)[10,11]%H o] 7}& o] Al-2-5
c}. 3Alwl, o= FHEHE MAsII7L d4A 42 @Al s Folx £
3(SVC - Singular Value Decomposition) WH2 AH AN
(information retrieval)[1013} FA 3, 25114 Ho] A= oz glt},
T HARE Edle & dedE HEE A F(subsets)FH
canopies[19]12 £&3F & 7143t FAE $£3] (similarity measure)S ©]
S3te], Ak AASE F o] AL deold FHggo F&5= Bolt. A
4L FAdsht, ol A
g A2 g HE%F 2

240,
2) ¥& F7+ &8 2€ " (Subspace Clustering)

RE F7 Sz B9 A FAA AA Ape] old A
Jd EH2HE ZE2EH, ALY AFE ANHsLA e
St A kAl W o Fo] Yo A dHeo]EE I &= A
B =TdAE o9 #HE Fd(projected) T 2HH L F

PROCLUS, DOCel ujsja <olirc}.

=N



(1)PROCLUS(PROjected CLUStering)

K-MeansE I3 7|&9 ¢ FEL dolge EE AW S e
duz|FEol. dAAE dFH Kol deolHe Ae] FEFF dely
o] 39 (sparsity) A Wil BEE A4S 3Hstd FH2€HH L s
HH Aol A3 HolHE B 4 vk PROCLUSAA = AA 240
ol d AR Aot Fe 2] E FA Hr}l. Projected clusterd HA 2}
D dF F& AL EAsE FH2HE on )

PROCLUSE $Hmedoid HIS WA 935l greedydH 3}
CLARANSY| = 9ea A Z(local search approach)E 23353 d3s &
2 e o] 3] A3 aALE F7] Hsle] 2 ApA] F3H A olo o & A}
433, 4]. X medoidZHE kN9 medoidE A9 £, Z} medoid
s} #o] 2 AYE Foll FTH2HEE ). termination criteriong
BEE w7z o] HAAS WHE, FezE e Az el s e
k-medoidE Zt= FH2¥ES 2= v,

due e 2713 A, 8 A, A4 DAY A AR T4

ot 2713 A= dolg AHJe AJNE FolZ EA o A dE
k= A
=
< w7437 98 hill climbing B¥ & AF8-8tch. 38 medoidol] &%
&

Hol BARA o5 A4 FHAN F& 2

A3l 2 medoide] WS E A AFE T} AADPAE I 26



(2) DOC (Density-based Optimal projective Clustering)

DOC 94 PROCLUSS} #Zo| projected clustering WAl & 33l 9
th. StAIRE flel A AF3 duIAFELS ZAE AEH S 2He AR A
4o 7 $4F A 2 DOCE Z2"wld) #HE 249 F71 o
2. A9 Fodd FH2HE 27 A 714§ Monte Carlo €32
#[181% Ah-&3tx slcl. A dielg A3 FoA A pE e FE35),
#H9 A9 D7 A, 29 249 o] H pE FA L2 AWH 3}
oA +Fe]2wel box B,pE FA 3, AA delg ¥4 B,pol
AES S 2EHzE 753 =3, 3 = 2H Yo £3€E 39
o 3 Fe2g WelA HF AL 9 kH 9
o dg FLEE Wgste BE AHEAE AY & 5 Y

DOC WA wWg Az dole] 2o lsle] WL A7HS
e, F ol wmE Ay $EF 7 & FASTDOCO #t& ¢ FES A
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. BEEHR ¢ F

Aeordl ¢1¥]FE DAM(Divided And Merge)2 8 2€g 9] vy &4l
2R ASPAS FA2 4T A0, WA HB(poin)ES AA T
dzee AsRn Be ZH2HD Ui Fo 5L A A
82 J@aec 4ge2E i dAAE A4 BT, 4

t,ﬂ;

Algorithm DAM(k, l,,,)
begin
ko = kc=A k;
(Sy0e0sS1e,C1yeeeyCre) = DivideData(ko);
while (k. > k) do begin
(D1,....Dr.) = FindSubdimensions(kelug, Ci..Cie )3
(SyernsSics CryeesCre) = AssignPoints(s,...,Sie, DiyeoDic)s
($yeesSic-1, ClyeeesCio-1) = MergeCluster{C; ,...,.Cie, kc)
ke—-3
end
(Dy,....Dy) = FindSubdimensions(k, lay, Ci,...Ck )3
(SyuunsSk, Cry...,Ci) = AssignPoints(s,...,sx, Di,....D);
return (Cy,...,Ci);
end
a4 3.1 DAM ¢xd &

A £ A, W3 A, 23 AA A, A SAR F4 HeA



g, olwe 7} st FAAIAE Aest B+6 (B : bound, O :
standard deviation)o] Ael® I A A AH}. L2 AL 7}
A AL SEH2HE Fol AA Fel2H Ao F4e 1029 18 324
U geow BE F 2 d& similarity’} 7HF 2 FH2EHE Zohy
of W3k Iy} 1 ofsteld I T AEY BE HEL 7MY ME
e 2Eld AaA g 73 vk S 2EHY FAAHAY Ast B«6
ojyjojw I F A WAL 21¥EA o gutlier® Fr}.

A A A k) ERZEEY FEALH FARE AAAL
T AHAEE AMA s} HAFH oz o2 H 2A7} o FAEF &

.



A WA A B dAdAE ol 48 HAES kY €8 &HE
Tod 7 F A S3 A58 At e FUNES . o
3o A = BIRCH[14]12} ORCLUS[9] 4] A}£3}+= clustering feature$l

, 2+ FE2Ed £33 AEe A3 F(iner sum)F AlF F(squared sum)

WA ot SS; = phy ®ANEG. FH2E ol AA GHLE 3

oA jHA Yo BEXs HEe HAFZ(mean)E w4 = LS;/ICIE AALE

D

%3 #Hx}(standard deviation)= 6;; = 2

2 E £33 o 7|Fo] HE median pointys FAA AL =21},
mediane ARE 37| €25 Fol¥dE 9 s AXE FE Egd
W2t mediang 7| F2E HA A8 50%% medianX®t} 3 el A
50% % median®tl A HEB® FA}A Fapo 7).



DivideData(ky)

begin

cluster number = 1;

repeat
find the cluster A, which has the maximum number of
points;
find the dimension B, which has the maximum standard
deviation of the cluster A;
find the median point for dimension B in the cluster Aj
if points in the cluster A is larger than the median point, the
points will be splitted up into the cluster B or if not, the
points will be splitted up into the cluster C;
cluster number++;

until( cluster number < k)

end
2% 3.2 DivideData 3

ol $3 WA AhE ke FHLHTe TUsH HA YEF

s Aol EFAoln,



ofld £ dANA AL gL FHZEHEST AA F3aA e
o] ZeE 2 ER Wists Aol o dAAAE A A A 5o
FindSubdimensions(), AssignPoints(), MergeCluster()& #®H& A}-§-31¢
kel el 2H & T3t Zzbe] del ds) AA s A Kl

1) £z 3]

23 27 dFAAE dA 443 clustering feature?l LS} SS
& Agste] 7 el iE e HEel 4 AYAA BxE AEE bl &
F HaLs A4S, o] & VEoR A A FEAYSE 2AHY. 2

3

BE E2E 59 A dAddA He £XE ALY EF HAE L
Ao s AL Fo, AL FE e AYE Al g9 e 2E

B2 Yo AR "ok AN kohe AL Az, A
- )

T AYHES . I Fol k- (- 249 BE HA FE 7] o=
y



FindSubdimensions(k, I, C;, ..., Cx)

begin
for each cluster i do begin

// linear sum, squared sum and standard deviation of C;

LS;; = Dx; and SS;; = p’y; for pyeCi and 1<j<d;
i = LSii/ICl and 6, = 7 for 1<j<d;
D; = 73

end

Pick the k- I numbers with the least values of O;; subject to the
constraint that there are at least 2 dimensions for each cluster;
if 0;; is picked then add dimension j to D;

return (Dj,....Dy);

end

19 3.3 FindSubdimensions 4

2) A w7

AssignPoints &4+ 2 Z82H e FAA 39 FE3Y DiE 293
o, 2 A& 7M1 e FHAE 2e SH2EHE A A dd. & A
pst & Ze2EH FHAH Aole AE AAINE FA WSegPdis(ps,
si, D)2 %783, Weighted segmental distance?l WSegPdis(p., si,

D) = 2 AAHge}. Weights 94 A4

gl REAe TEAA} 4845 s Fol, BAW REAY F
3y

MAFL AY7t MEFEF o 2 weightit s Z2EF 89 tl. Bound’l
43t NBS(normal bound sigma)g& ®leoly HEL outlier®2 £t}.
=2

NBS+& W5-&9 o=k dole& FHAE 7IEL2E £3+60 9 HY W

1Y
o
>

H



g = A FEXE(Gaussian Distribution)®] A& & o] 8354 NBS =
(B W= 6)/ W, (B : Bound, W : weight, W; : total weight)% A
A, PROCLUSE medoidE FH2E 7H3 7h7bd E8&EHd AS
WAL, DAMS $43 & 7I£22 714 77 Sel&Hd & A s
T Atelde] dd. BE AHEE JHE bk S &HA aAT F,
MergeCluster@ oA 83 Ay ¥, AF &, 2L FHHEE oA A

A

AssignPoints(s,...,st,D1,...,.Di)

begin

for each cluster i do begin
Determine NBS;;
Ci = J;
end

for each data point { do begin
for each cluster j do

Determine WSegPdis;;

if min(WSegPdis;) >= NBS, then set outlier;
else add p; to Cj;
end

for each cluster i do begin

// linear sum, squared sum and centroid

LS.;i= px and SS;; =  piy for p2€C; and 1<j<d;

si = LS;;/ICi| for 1<j<d;
Determine NBS;;
end

return(s,...,sx, Di,....D¢);

end
23 3.4 AssignPoints &



3) H¥

B3 gedAeE F23 F A el 2Edd 7189 mAA X3
T 82" E AASE ScatterPoints$Hset $HE F T 2EIHY
similarityE A48} similarity 34 o] o}.

MergeClusterdt4= $4 M47t 744 AL S8 2 EE Fo} 1 &
H e A7l HFe 1089 18 #ow ScatterPointsg ol 23]
A g}, g2 BE ZY2H & similarityE A4S 71 2
e 2 T E82"HE W o, MergeCluster@+ 193.59 2
T st s AAE A sl

R

MergeCluster(C; ,..., Ckc, kc)
begin

0;

value = max number;

foreach i = {1,...,k} do begin

index

index

smallest number of cluster index;

value = smallest number of cluster number;

end

if (value < average of cluster number/10.0) then
ScatterPoints(index);

else do begin
max_similar = Max Similarity(C;,C;) for each ij € {1,....k};
if (max_similar > 0.0) then merge clusters;
else ScatterPoints(index);
end

end
a3 3.5 MergeCluster &



(1) ScatterPoints 34

A s = Sl 2Ee R A5 MR R o FE2HA A
A outlier® £tk A7) AAE ALF EE ZHZ2HA dEA
Weighted segmental distance® 73te] 713 7l7b8 S8 2€H & Fold 3y
2 FH2ee FAAA Asl NBSolwold 1 FH2eE A3,
NBSHEt} A 2& AEL outlier® &t}

(2) Similarity &<
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ABSTRACT

An Improved Algorithm for Subset Clustering

Kim, Younho
Department of Computer Science

Graduated School of Sungshin Women's University

The issue of finding cluster from high dimensional data has well
known in the field of data mining due to its importance, because the
clustering as the basic algorithm had been wused in fields of
processing data such as similarity search, customer segmentation,
pattern recognition, trend analysis and classification. In addition,
researches for clustering algorithms have increased in management
information systems, because the clustering can process enormous
data to get information.

In this research, a new algorithm is proposed for subdimensional
clustering of high dimensional data. In the new algorithm, candidate
clusters are created through partition, which input points are divided
by dimension that has maximum variation. Next, two cluster are
found, which have a maximum closeness among candidate clusters,
and them merges until these cluster are the predefined number of
clusters. Lastly, the data is refined one more time for improving
quality of clusters. The result of extensive experiments with
k-Means, PROCLUS and FASTDOC shows that the proposed

algorithm is better than other algorithm.
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