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Abstract Most of clustering algorithms tend to degenerate rapidly on high dimensional spaces.
Moreover, high dimensional data often contain a significant amount of noise, which causes additional
ineffectiveness of algorithms. Therefore, it is necessary to develop algorithms adapted to the structure
and characteristics of the high dimensional data.

In this paper, we propose a clustering algorithm, CLIP, using the projection. The CLIP is designed
to overcome efficiency and/or effectiveness problems on high dimensional clustering and it is the
method to find clusters in the corresponding subspace correlated closely. The key idea in the algorithm
is based on clustering on each one dimensional subspace but we use the incremental projection to
recover high dimensional cluster and to reduce the computational cost significantly at same time. To
evaluate the performance of CLIP, we demonstrate its efficiency and effectiveness through a series of

experiments on svnthetic data sets.
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Scan Data_rec; // 8 Holel ¥ 2AL
Evaluate density; // o)} ¥¥2] Wx A4k
if (density = r) then
Found = 1;
Determine min, max for dense region;
Update min, max of dense_region[};
else if (density {r) then
Found = 0;
else Found = nul;
return Found; 1}
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procedure GenerateCluster(Data_rec, Num_subspace) {
Initialize the state_list(k] [k], dense_region[]:
Sort the attributes of k-dimensions by descending order;
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Found = Find_Dense(ata_rec);
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elsej =)+ L
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P-ir
tend For i=1 w (k-Num_subspace+1)
Read object IDs within min, max in dense_region{];
Describe min, max for each dimension in the object IDs using BackTrace

tend For (k-dimensions}
Jend Procedure (renerateCluster
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