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Abstract:  Clustering high dimensional data is a big task in data mining due to the curse of dimensionality. To solve this problem, projective 

clustering has been defined as an extension of traditional clustering that seeks to find projected clusters in subsets of dimensions of a data 

space. These challenges motivate our effort to propose a robust partitional distance-based projected clustering algorithm. The algorithm 

consists of three phases. The first phase performs attribute relevance analysis by detecting dense and sparse regions and their location in 

each attribute. Starting from the results of the first phase, the goal of the second phase is to eliminate outliers, while the third phase aims to 

discover clusters in different subspecies. The clustering process is based on the K-Means algorithm. 

 
1. INTRODUCTION 
 
The problem of clustering data points is defined as follows: Given 
a set of points in multidimensional space, find a partition of the 
points into clusters so that the points within each cluster are 
similar to one another. Clustering is concerned with grouping 
together objects that are similar to each other and dissimilar to the 
objects belonging to other clusters [1]. Cluster is used to group 
items that seem to fall naturally together [2]. Various types of 
clustering: hierarchical (nested) versus partitioned (un-nested), 
exclusive versus overlapping versus fuzzy, and complete versus 
partial [3].Clustering is an unsupervised learning process that 
partitions data such that similar data items grouped together in 
sets referred to as clusters. This activity is important for 
condensing and identifying patterns in data [4]. 
 
Clustering technique is applied when there is no class to predict 
but rather when the instances divide into natural groups. These 
clusters presumably reflect some mechanism at work in the 
domain. That causes some instances to bear a stronger 
resemblance to each other than they do to the remaining 
instances. Clustering naturally requires different techniques to the 
classification and association learning methods we have 
considered so far [2]. Subspace clustering and projected 
clustering are recent research areas for clustering in high 
dimensional spaces. However, in high dimensional datasets, 
traditional clustering algorithms tend to break down both in terms 
of accuracy, as well as efficiency, so-called curse of 
dimensionality [5]. 
 
2.Background and Related Work 
 
Clustering has been used extensively as a primary tool for data 
mining, but do not scale well to cluster high dimensional data sets  
 
 

in terms of effectiveness and efficiency, because of the inherent 
sparsity of high dimensional data. The problem arises when the 
distance between any two data points becomes almost the same 
[5], therefore it is difficult to differentiate similar data points from 
dissimilar ones. Secondly, clusters are embedded in the 
subspaces of the high dimensional data space, and different 
clusters may exist in different subspaces of different dimensions 
[6].Techniques for clustering high dimensional data have included 
both feature transformation and feature selection techniques [7].  
 
CLIQUE [8] is one of the first known projected clustering 
algorithms. It works on a level-wise manner; exploring k-
dimensional projected clusters after clusters of dimensionality k -1 
have been discovered. PROCLUS [9] is a method-based 
projected clustering algorithm that improves the scalability of 
CLIQUE by selecting a number of good candidate methods and 
exploring the clusters around them. It takes two parameters: the 
number k of clusters and the average dimensionality l of each 
cluster. Initially, a number (> k) of medoids, such that every pair of 
medoids are far from each other in the full-dimensional space, are 
greedily selected. Then, a random subset of k medoids is picked. 
Points near the medoids are used to determine the subspaces of 
the clusters. After the subspaces have been determined, each 
point is assigned to the cluster of the nearest medoid. A medoid is 
bad if the corresponding cluster has a smaller size than a 
predefined density threshold. Bad medoids are iteratively replaced 
by other candidates until the algorithm converges to a set of good 
medoids and clusters.  
 
Another problem with PROCLUS is that it requires the projected 
clusters to have similar dimensionality (l on the average). Even in 
this case, setting an appropriate value for l is not trivial. ORCLUS 
[10] is an extension of PROCLUS that can select relevant 
attributes from the set of arbitrarily directed orthogonal vectors (in 
a transformed space).ORCLUS can discover arbitrarily oriented 
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clusters; however, these clusters may be difficult to 
interpret.DOC [11] is an algorithm that performs iterative 
(greedy) projected clustering. With this approach, a random point 
p is selected from the data set S. Then, the best projected 
cluster C that contains p is discovered. After this process has 
been repeated for a number of times, the best medoid p and 
their associated dimensional subspaces D are chosen. All points 
near p in the subspace D are removed from S and added into a 
cluster C. The process is iteratively repeated for the remaining 
points S-C until all projected clusters have been found. DOC 
overcomes some deficiencies of PROCLUS, since it can 
automatically discover the number k of clusters, and it can 
discover a set of clusters with large size differences. 
 
3. Projected Clustering  
 
Projected clustering exploits the fact that in high-dimensional 
data sets, different groups of data points may be correlated 
along different sets of dimensions. The clusters produced by 
such algorithms are called projected clusters. A projected cluster 
is a subset SP of data points, together with a subspace SD of 
dimensions, such that the points in SP are closely clustered in 
SD.To describe projected clustering, we will introduce some 
notation and definitions. Let DB be a data set of d-dimensional 
points, where the set of attributes is denoted by A = {A1; A2; . . .; 
Ad}. Let X = {x1; x2; . . . ; xN} be the set of N data points, where 
xi = (xi1; . . . ; xij; . . . ; xid). Each xij (i= 1. . . N; j = 1. . . d) 
corresponds to the value of data point xi on attribute Aj. In what 
follows, we will call xij a 1D point. In this paper, we assume that 
each data point xi belongs either to one projected cluster or to 
the set of outliers OUT. Given the number of clusters nc, which is 
an input parameter, a projected cluster Cs, s =1, . . . , nc is 
defined as a pair (SPs; SDs), where SPs is a subset of data 
points of DB, and SDs is a subset of dimensions of A, such that 
the projections of the points in SPs along each dimension in SDs 
are closely clustered. The dimensions in SPs are called relevant 
dimensions for the cluster Cs. The remaining dimensions, i.e., A 
- SDs, are called irrelevant dimensions for the cluster Cs. The 
cardinality of the set SDs is denoted by ds, where ds ≤ d, and ns 
denotes the cardinality of the set SPs, where ns < N.PCKA is 
focused on discovering axis-parallel projected clusters which 
satisfy the following properties: 
 
1. Projected clusters must be dense. Specifically, the projected 
values of the data points along each dimension of 
{SDs}s=1;...;nc form regions of high density in comparison to 
those in each dimension of {A - SDs}s=;...;nc. 
 
2. The subset of dimensions {SDs} s=1;...;nc may not be disjoint 
and they may have different cardinalities. 
 
3. For each projected cluster Cs, the projections of the data 
points in SPs along each dimension in SDs are similar to each 
other according to a similarity function, but dissimilar to other 
data points not in Cs. 
 

 
Fig. 3.1. Example of dataset containing four projected clusters 10 
attributes 
 

 
Figure 3.2: Attribute relevance analysis 

 
Note that the algorithm does not presume any distribution on 
each individual dimension for the input data. Furthermore, there 
is no restriction imposed on the size of the clusters or the 
number of relevant dimensions of each cluster. A projected 
cluster should have a significant number of selected (i.e., 
relevant) dimensions with high relevance in which a large 
number of points are close to each other. To achieve this, PCKA 
proceeds in three phases: 
 
1. Attribute relevance analysis: The goal is to identify all 
dimensions in a data set which exhibit some cluster structure by 
discovering dense regions and their location in each dimension. 
The underlying assumption for this phase is that, in the context 
of projected clustering, a cluster should have relevant 
dimensions in which the projection of each point of the cluster is 
close to a sufficient number of other projected points (from the 
whole data set), and this concept of “closeness” is relative 
across all the dimensions. The identified dimensions represent 
potential candidates for relevant dimensions of the clusters.    
 
2. Outlier handling. Based on the results of the first phase, the 
aim is to identify and eliminate outlier points from the data set. 
Like the majority of clustering algorithms, PCKA considers 
outliers as points that do not cluster well. 
 
3. Discovery of projected clusters. The goal of this phase is to 
identify clusters and their relevant dimensions. The clustering 
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process is based on a modified version of the K-Means algorithm 
in which the computation of distance is restricted to subsets 
where the data point values are dense. Based on the identified 
clusters, in the last step of our algorithm, we refine the results of 
phase 1 by selecting the appropriate dimensions of each cluster. 
 
3.1 Attribute Relevance Analysis  
 
From sparse regions. Our objective is to find out dense regions 
in a dimension. Dense regions are identified fr        In the context 
of projected clustering, a cluster should have relevant 
dimensions .Irrelevant attributes contain noise/outliers and 
sparse data points, where as relevant ones may exhibit some 
cluster structure .Cluster structure means a region that has a 
higher density of points than its surrounding regions. Those 
dense regions represent the 1D projection of some cluster. By 
detecting dense regions in each dimension we can distinguish 
between relevant and irrelevant attributes. 
 
In order to identify the dense regions in each attribute, compute 
the sparseness degree for each 1D point. The advantage of 
sparseness degree is that it provides a relative measure on 
which the dense regions are easily identified om sparse regions 
using a user predefined density threshold. The probability 
density function (PDF) is therefore estimated and the 
characteristics of each dimension are identified [15].Attribute 
relevance analysis is described  in Algorithm I.[15] 
 
Definition 1. Let z ij  {0,1}, where zij is a binary weight. If yij 
belongs to one of the selected components then zij = 1 and xij 
belong to a dense region; else zij = 0 and xij belongs to a sparse 
region. 
  
Algorithm I. Phase 1 of PCKA 
1: Input: DS, l, m_max 
2: Output: Z 

3: LOC ; 
4: Choose m_max; 
5: for i = 1 to n do 

6: Apply Algorithm 1(Ai, m_max, l, m, l, l, l); 
7: Apply EM to partition the sparseness degree in 
dimension  i into m components; 
8: for j =1 to m do 

9: LOCLOC  median(component j ); 
10: end for 
11: end for 
12: Apply Algorithm 2 (LOC, E, F); 
13: Based on the loc q values in F, select the components which 
represent dense regions; 
14: Based on Definition 1 compute the matrix Z; 
 

 
 
Figure 3.1.1 four projected clusters 10 attributes  
 
3.2 Outlier Handling 
 
High-dimensional data may also contain outliers in addition to 
the presence of irrelevant dimensions. Outliers can be defined as 
a set of data points that are considerably dissimilar, exceptional, 
or inconsistent with respect to the remaining data. Outlier 
handling mechanism makes an efficient use of the properties of 
the binary matrix Z.The matrix Z contains useful information 
about dense regions and their locations in the data set DS. That 
the outliers do not belong to dense regions, they are located in 
sparse regions in DS and they are identified by using the binary 
weights Zij. 
 
For this purpose we use the Jaccard coefficient which is the 
commonly used similarity measure for binary data. It is defined 
as the number of variables that are coded as 1 for both states 
divided by the number of variables that are coded as 1 for either 
or both states. It is clear that when all the binary weights for a 
binary data point zi in the matrix Z are equal to zero, then the 
related data point xi is considered as an outlier because it does 
not belong to any of the dense regions. Outlier handling is 
described in Algorithm II. 
 
Algorithm II. Phase 2 of PCKA 
1: Input: DS, Z, e, q  
2: Output: RDS, P, OUT 
3: OUT ; 
4: Let  count be a table of size N; 
5: for i = 1 to N do 
6: count[i]0; 
7: end for 
8: for i = 1 to N do 
9: if dj=1  zij == 0 then 
10: OUT OUT   {xi}; 
11: else 
12: for j = i + 1 to N do 
13: Estimate the number of similar binary vector of zi 
and zj: 
14: if JC(zi; zj ) >  then 
15:     count[ i ] count[ i ] + 1; 
16:     count[ j ]count[ j ] + 1; 
17:   end if 
18: end for 
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19: if count[ i ] < q then 
20:    OUT OUT  {xi}; 
21: end if 
22: end if 
23: end for 
24: RDS DS - OUT; 
25: Based on RDS and OUT extract P from Z;  
 
3.2 Discovery of Projected Clusters 
 
The problem of discovering projected clusters is done in two 
steps. 1).In the first step, cluster the data set based on the K-
means algorithm with the computation of the distance restricted 
to subsets of dimensions where object values are dense. 2) 
Based on the clusters derived in the first step, the second step 
proceeds to select the relevant dimensions of the identified 
clusters by making use of the binary matrix T. 
     
Algorithm III. Phase 3 of PCKA 
1: Input: RDS, P, nc, d 

2: Output:  s, U(Nr*  nc), SDs 

{s : cluster centers where s = 1; . . . ; nc. 
U(Nr*  nc), : matrix of the membership degrees of each 
data point  in each cluster. 
SDs: set of the relevant dimensions of each cluster.} 

3: Choose the cluster centers   0s(s = 1, . . . , nc ) randomly 
from RDS; 
4: repeat 
5: Compute the membership matrix U(Nr*  nc), : 
6: for i = 1 to Nr do 
7: for j = 1 to nc do 

8: if dist(x i  , s ) < dist(xi, j ) then 
9: u ij = 0; 
10: else 
11: u ij = 1; 
12: end if 
13: end for 
14: end for 
15: Compute the cluster center: 

16:  1s = 
PNr 
i¼P1ðuis_ti_xiÞ Nr 
i¼1 
uis ðs ¼ 1; . . . ; ncÞ; 
17: until convergence, i.e., no change in centroid 
coordinates; 
18: Based on Definition 4, detect the set SDs of relevant 
dimensions for each cluster Cs; 
 
Looking to the design of our algorithm, it is clear that our strategy 
to identify clusters and their relevant dimensions cannot be 
viewed as globally optimizing an objective function. In other 
words, our technique is not similar to “full” iterative clustering 
algorithms, such as PROCLUS [9] and SSPC [12], which require 
an objective function to be optimized. The proposed algorithm 
belongs to the broad category of techniques, such as CLIQUE 

[13] and EPCH [14],that do not treat projected/subspace 
clustering as an optimization problem and thus do not admit an 
explicit objective function. On the other hand, PCKA follows the 
general principle of projected clustering and uses various 
techniques pertaining to minimizing the intercluster similarity and 
maximizing the intracluster similarity in the relevant dimensions. 
To identify projected clusters, PCKA proceeds phase-by-phase 
and avoids the difficulty of attempting to solve a hard 
combinatorial optimization problem. 
 

 
Figure 3.2.1 Outlier Handling 

 

 
Figure 3.2.2 Discovery of Projected Clusters 
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4. Conclusion 
 
We have proposed a new concept, called projected clustering, 
for discovering interesting patterns in subspaces of high 
dimensional data spaces. This is a generalization of feature 
selection, in that it allows the selection of different sets of 
dimensions for different subsets of the data. While feature 
selection algorithms do not work on all types of data, projected 
clustering is general enough to allow us to deal with different 
correlations among various subsets of the input points. 
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