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Multi-representation Feature Tree and Spatial Clustering Algorithm
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Abstract Spatial data have the features of largeness, complexity, continuity, spatial autocorrelation, missing data and
error in spatial database. These characters require that a good spatial clustering algorithm must be high efficient, and
should be able to detect clusters of complicated shapes, and the clusters found should be independent of the order in
which the points in the space are examined, and should be not be impacted by outliers, The existed algorithms can not
work well, Clustering algorithm based on multi-representation feature tree named CAMFT is proposed, A new data
structure is firstly proposed to condense data, which drew the strongpoint from BIRCH algorithm and CURE algo-
rithm, and then the algorithm that included the idea of random sampling is proposed to enhance the ability to detect ver-
y large data, As well as, the multi-representation feature tree can keep clusters of complicated shapes, so it can be used
to detect spatial clusters. Experimental results show the algorithm can identify clusters of complicated shapes efficiently
in large spatial database that have many outliers, and outperform BIRCH algorithm and CURE algorithm in efficiency.
Keywords Spatial clustering,Spatial data, Multi-representation feature tree
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Repre_Selection(C) {

(1) M = the centroid of C; //C HERRBREHENES

(2) fori=1tocdo{ // c WP EIRBLMHHE

(3)  MaxRepDist=0;

(4)  foreach point p in C do{

(©))] if G==1 _
(6) MinRepDist=Dist(p, M) //B—TMUELRERROCRE

i)

(7N Else

€)) MinRepDist=Min{dist(p, q): qE€ RepSet}; //8 kK
PR 24 O A B .

(9 1t (MinRepDist) =MaxRepDist){

10) MazRepDist=MinRepDist;

an RepPoint=p

azy

(13) };

(14) }RepSet=RepSetU {RepPoint}; //FEHE % H ACH K.

(15) };

§16)Return RepSet;
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(1) Entry NewE, Node * NewNode;

(2) if (CurNode is leaf node) {//# MAG44 SR H-T-45 84

(3) CLeafE=Closest_Entry(CurNode, E) //$£EIBiEH%H

(4)  if (Absorb(CLea fE, E) is true //#¥RME B{E/MF RT Mg

4

(5 return Null
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MR,
(8) Reture NewNode;
(€)] }
10}

(Delsel// //EYMERARN THA
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(W% R

(13> NewNode = Insert _ Entry _ MRFtree ( Ty CNodeE, E,
RT);//BH 3BT MR

(14)  if (NewNode==Nul){// A543

(15) Update_ MRF (CurNode,CLeafE,E); //R {6 A i 4%

Ko REER RS S B4R Ly CRF,

(16) return Null;

an y

(18)  elsel//BEHH

19 Update MRF(CurNode,CleafE,E); //®E ¥ CRF
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(22) if (NewNode==Null) {// Tk H

23 Merge_Not_Split(CurNode)
24> return Null;
(25) }
(26) else{//RREES R
@n if (CurNode==»T{//FRXEERHBIT R
(28) # T==Create_New_Root(CurNode, NewNode);
29 return Null;
(30) }
3D else return NewNode;
32) }
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Void ReBuildCFRTree (tree T, tree Ti+;, double RT;, double
RTer) |
(1) Tit1=Null;
(2) CurPath=PathOfTree(T;, (0, 0, *ese=, 0));
(3) while (CurPath | = null){
(4) CopyNodesOfCurrentPathToNewTree( T;41, CurPath);
(5) for Each Ent of CurPath do{
(6) Flag="FitInClosestPath( Ti+1, RT;+1,ClosestPath, Ent);
) if(Flag== False) && (ClosestPath<<CurPath)
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(8) FitInPath(T;+1+ RTi+1, ClosestPath, Ent);
9 else

(10) FitlnPath(Ti+1,RTi¢1,CurPath, Ent);
an FreeCurrentPath(7T;, CurPath);

(12) CurPath=NextPathOf Tree(T;, CurPath);
13 }

(14) FreeEmptyNodes(T,+1)

(15)}

}
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