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Research on Improving Spatial Clustering Algorithm Based on DBSCAN

LI Jie,JIA Rui-yu,ZHANG Lu-lu
(School of Computer Science and Technology , Anhui University, Hefei 230039, China)

Abstract: DBSCAN is a spatial clustering algorithm based on density. It can handle spatial data and spot any — shape clusters in a noised

spatial database by dividing them into clusters with high enough density. But DBSCAN does not take non — spatial properties into account

and its strategy of scanning every points’ ¢ — neighborhood to find clusters is very time ~ consuming, which makes it hard to apply. Propos-

es an improved DBSCAN algorithm which can handle non — spatial properties and greatly accelerate the speed of clustering.
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Algorithm E_DB(D, ¢, MinPts,{ MinDen])

ClusterTable = Null;

While(! D. Clustered)/ * RIEEREL */

| randomly select one unclustered point from Dj /i Bl £ EX
—PRDEME */

Neighbors = NeighborsMatched (q, €):/* #&iZ S
& =/ '
If { |Neighbors| <<MinPts)/ * or ( Neighbors. Den<Min-
Den) %/
q.Cluster= ~1;/% qEEER"BRE" » /

else

1

{ FirstToMerge= true;
Ci=ClusterTable. firstCluster;
/x FEFFERBEHITILE « /
While( Ci ! =Null)
| if (Intersect (Neighbors, Ci)) /% REHEHR
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if(FirstToMerge) /% $B—WKAE3E * /
/% ¥ Neighbors &H B G F * /
{ NewCluster = Merge(Ci, Neighbors) ;
FirstToMerge = false; |
else
{ NewCluster = Merge(NewCluster, Ci) ;
ClusterTable. removeCluster(Ci); }
Ci= Cluster Table. nextCluster;
J
/x IMFERAAZHE, A HE « /
If( FirstToMerge)
{ Produce a new cluster Cj of Neighbors;
ClusterTable. addCluster(Cj) ; |
!
|
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