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An Improved Density-based Spatial Clustering Algorithm with Sampling
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Abstract DBSCAN is onc of the effective spatial clustering algorithms, which can diecover clusters of any arbitrary shape
and handle the noise effectively. However, it has also several disadvantages. First, it is based on only spatial attributes
without eonsidering non-spatial attributes in the databases. Second, when DBSCAN handles large-scale spatial databases, it
requires large volume of memory support and 1/Q cost. In this paper, an improved density-based spatial clustering
algorithm with sampling( IDBSCAS) is developed, which not only clusters large-scale spatial databases effectively, but also
considers spatial attributes and non-spatial attributes. Experimental results of 2-D spatial datasets show that the new
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algorithm is {easible and efficient.
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Finding_seeds( Object, g, Seeds)
Initialize Seeds to NULL;
Identify the RBOs about Object and g;
for each RBO do
MinDist = o 4
Identify the Quadrant in which the RBO falls;
for each unclassified object p in the Quadrant de
distanee = dist( RBO,p) ;
if( distance & minDist)
minDist = distance
minQGhject = p;
endfor
Seeds = Seeds ) | minObject} ;
endfor

end
3.3 WEHE

By R. PN ETEENMEREXE
$——IDBSCAS B B ( an improved density-based
spatial clustering algorithm with sampling) ,

BA2EVEEMEREEEE(DB), P
7 20, B/ RABBE MinPes =0, B2l R
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b B2 Cluster.

HEBIT
Algorithm TDBSCAS{ DB ¢, MinPts, MinPur)

Clusterld = nextId( NOISE) ;
for each ohject o in DB do
if 0. ClId = UNCLASSIFIED
if Expanding _ cluster { o, £, DB, MinPts, MinPur,
Clusterid)
Clysterld = nextld ( Clusterld ) ;
end
Expanding cluster ( Object, ¢, DB, MinPts, MinPur,
Clld) :Boolean ’
Neighbours = DB. matchingNeighbours( Object, £) 5
if ( Neighbours. size < MinPts) or
( Neighbours, pur < MinPur)
/7 Object WA

DB. changClid{ Object, NOISE) ;
return false;
else//Object X 2EH .0 % R
DB. changCild( Neighbours,Clid) ;
Finding_Seeds( Object, &, Seeds) ;
Seed_list = Seed_list. add( Seeds) ;
While Seed_list# NULL do
eurrentP = Seed_list. first( } ;
Neighbours = DB. matchingNeighbours( currentP,g) 5
if { Neighbours. size = MinP ) and ( Neighbours. pur >
MinPur)
#/currentP Jp 8 B0 % &
Finding_Sceds( currentP, 2, Seeds) ;
Seed_list = Seed_list. add( Seeds) ;
for each object p in Neighbours do
if p. Clld = UNCLASSIFIED or NOISE
DB. changClld(p,Clld);
else
Clid =p. Clld;//ER P B R R ENBESH
B—4E
Seed_list. delete( currentP) ;
endif
endwhile
return true;
endifl

end

7 IDBSCAS Wb, M9 1 Mg .0 R A
55 87 81 Finding_seeds o6 H( 1% 1 T F % )i A $
FHEEIREYRA, ARENEXYRD,H
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(3) 7E Expanding _cluster M 3+ il A T Finding_
seeds B, AR O ESEFIHHTHR
PEELXT R AREEYSREPNESIHRER
fFTERE R, AERXKTE T HTE M.
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