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Abstract: Through the boosting accessibility of spatial and temporal data in many research fields, 
spatial clustering and spatial outlier detection has received a group of concentration in the spatial data 
mining research. As a very famous method, the CLIQUE Optimization finds a region that deviates 
significantly from the entire spatial data set. In this paper, we introduce the novel problem of mining 
crime regional outliers in spatial crime data. A crime regional outlier is a rectangular area which 
contains an outlying object such that the difference between the sparse area and dense area, the value 
of this object and the gathered value of this crime attribute over all objects in the area is maximized. It 
compared to the CLIQUE Optimization, which targets crime global outliers, our research aims at the 
local crime spatial outliers. This research introduces Voronoi based K-Means algorithm for mining 
crime regional outlets, increasing areas by extending them by at least one neighbouring object per 
iteration, preferring the expansion which leads to the major increase of the objective function. The 
experimental evaluation on real datasets, the result shows the new type of crime regional diagram and 
the efficiency of the proposed algorithm.                    
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INTRODUCTION 
 

The essential goal in the current statistical implication and crime data mining is to determine patterns and 
associations in crime data. In many crime applications, nevertheless, it is significant not only to discover crime 
patterns, but to discriminate those crime patterns that are significant from those that are li kely to have occurred 
by chance (D. B. Neill et al., 2005). This is predominantly important in crime data mining applications, 
wherever an increase in the number of crime cases in an area may or may not be suggestive of a 
developmentally high sensitive. In order to decide whether further investigation is necessary, crime researchers 
must identify not only the place of a possible crime type, but also some amount of the likelihood that a crime 
type is occurring in that area. Likewise, when investigating spatial crime data, we want to not only find areas of 
increased criminal activity, but we determine if these growths are significant (Vijayakumar M et al., 2013). 

Based on the clustering algorithm survey (J. Han et al., 2001) have classified into four types: 1. 
Partitioning-based, 2. Hierarchical-based, 3. Density-Based, 4. Grid- based. In partition based mostly K-means, 
k-medoids methods are used iterative rearrangement to improve clustering quality from an early explanation. In 
this method to find clusters that are spherical shape and the size of the cluster (Spencer Chainey et al, 2008). 
The disadvantage of the method is not to find the natural clusters but minimize the distance of the objects to 
their cluster centers. In hierarchical clustering used the method of reallocating the member objects from one 
cluster to another cluster in order to recover the clustering quality. In density based clustering algorithms using 
to justice the membership of a data object. In this method to define the density around the area of the object it 
used two parameters Eps and min Points. In grid based method (Xiang Zhang et al., 2010) it is used for 
improving the clustering efficiency, the entire space quantizing it into a finite number of cells and identifying 
dense area and sparse area. A dense area identified by connecting dense cells. CLIQUE is a vast grid based 
algorithm to find the clusters in subspaces. 
 
Clustering High Dimensional Space (CLIQUE): 

The research of spatial clustering is very active. The main satisfactory methods of this area include: 
algorithm based on spatial dataset separation such as kmeans, k-medoid, CLARA, etc. An algorithm based on 
hierarchical clustering such as CURE, BIRCH, etc. algorithm based on density such as DBSCAN, and 
DENCLUE , etc. algorithm based on the grid such as SING, wave-cluster and CLIQUE, etc. To estimate the 
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capability of spatial clustering algorithm, some principle is shown as follows: scalability and the ability of 
discovering cluster of any shape. With these criteria of spatial clustering, proposed CLIQUE Optimization 
algorithms for finding the subspace clustering of a spatial dataset automatically, non awareness of the order of 
data input, the ability of finding any shape clusters and the linear scalability with the addition of the dataset.  

The CLIQUE Optimization algorithm follows the major steps.  
Step 1: divide the space with X, Y axis depending on distributing of input spatial data to avoid demolishing 

of accepted clusters 
Step 2: Apply of pruning concept to find Density area and sparse area. 
Step 3: To find the Threshold Parameter (P); T  minimum number of the data point’s density area. (Vijay 

et al, 2011). 
In this paper we present the problem of mining based are outliers in crime spatial data. A crime spatial area 

outlier is defined as a Voronoi cell region with a spatial object in this region such that the value depends on K-
Means center value, which measures the density of the object within the Voronoi region, is maximized.  
 
Voronoi Digrams: 

The Voronoi diagram is a basic concept that has been used in different research areas. This has been used in 
a number of applications like computer graphics, and crime surface and crime shape analysis (Verma A et al., 
2010). Particular a set of geometric primitives, Voronoi diagram divides the space into a number of Voronoi 
cells. Each Voronoi cells are closer to one geometric primitive to other. (K. Hoff et al, 1999) that Voronoi cells 
are called Voronoi regions, additionally the Voronoi diagram is the combination of all Voronoi regions. There 
are two levels of classifications used in Voronoi diagrams: 1. Ordinary Classification, it refers the classification 
is based on Euclidean distance metric. 2. Generalized classification, it refers the classification is based on 
varying distance metrics. 

The word “hot spot” describes a place of high density of crime and not a specific spatial location. The word 
has been used to describe spatial clustering simulation of crime at a wide range of spatial sizes from limited to a 
small area awareness of individual crime events to large areas of cumulative crime events. Sherman, et al., 
(1989) confers the merits and demerits of using spatial crime data at different scales for crime hotspot analysis 
and straighten out on “police recorded data” which is recorded in a fine range of  X, Y coordinate system, as the 
most specific assays for crime hotspot analysis. 

The most widely used crime hotspot analysis methods are kernel density analysis (Chainey et al. 2008). In 
these methods enable one to estimate the density g (x) of crime incident points in terms of a permanent density 
crime surface. The most crime applications, KDE (kernel density estimation) are estimated based on Euclidean 
distance; on the other hand theoretically it is uncomplicated to include the network distance term (s) in the Equ1, 
represent network distance(Gatrell et al. 1996).  

 

( ) 








 −
= ∑

= ττλ Si
n

i
t

S
KS

1
2

1
            (1) 

 
 

WhereK  is a kernel weighting function. and  t is degree of smoothing in the estimate. 
In crime hotspot analysis methods mostly used Euclidean distance. The only recognized technique currently 

existing to crime analysis agencies which exploits to apply the calculation based on Euclidean and network 
distance, and it presents diagram representation spatial clustering is the Voronoi diagram. A set of points in a 2-
D space, the Voronoi diagram spots for each point the region closer to that point than to some other. (Figure 1).  

 
Problem Definition: 

A spatial crime dataset SD is a set of objects OB∈SD with 2D coordinates (X, Y) and at least one 
nonattribute'sescriptive attributes value V. We discover Voronoi crime regions, which contain the most differing 
outlier given the values of all the objects in the crime area. For each crime region that is considered, an objective 
function F (OB), calculates and assigns to the region a value which indicates the degree to which the crime 
region is an outlier. This is then maximized across the entire spatial dataset to determine the best region with the 
largest outlier value. The proposed approach and algorithms work equally well for Voronoi regions of other 
shapes, but for cities with grid-like road-networks, Voronoi area blocks are appropriate. This paper takes the 
spatial crime dataset SD. R is identified as axis parallel crime Voronoi area R= ( AA Ul , ) , Al

 stand for the 

subordinate left vertex , Au
 Stand for higher right vertex. Edge of R, exists an object SDA∈ .  
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Fig. 1: Voronoi Diagram and corresponding Euclidean distance 

 

 
 
Fig. 2: sample of the crime dataset 

 
Figure 2 shows the x, y coordinates positions based on the spatial crime dataset. The yellow color dots show 

the hotspot of the region.  
 

CLIQUE Optimization Algorithm for Global Outlier Detection: 
The CLIQUE specifies all possible Voronoi areas defined by at most four objects from  The spatial crime 

dataset, with one object lying on at least one edge of the Voronoi area. Assume four objects would make up a 
Voronoi area: A1= (X1, Y1), A2= (X2, Y2),     A3= (X3, Y3), A4= (X4, Y4); the subordinate left vertex of the 
Voronoi can be given by: 

( ),YX ll = (Min ( ),, 4,321 XXXX , Min( YYYY 4321 ,,, ) 

And the higher right vertex given by: 



Aust. J. Basic & Appl. Sci., 7(10): 67-74, 2013 

70 

( YX uu , ) = ( Max ( XXXX 4321 ,,, ), Max ( YYYY 4321 ,,, ) 
 
Algorithm Pseudocode: 

CLIQUE Optimization ( SD, FUN, Out-lier) 
For all A1, A2, A3, A4 ∈SD 

 ( ),YX ll
= (Min( ),, 4,321 XXXX , Min( YYYY 4321 ,,, )) 

( YX uu , ) = ( Max( XXXX 4321 ,,, ), Max ( YYYY 4321 ,,, )) 

      A ←Voronoi Area ({ YX ll , }, { YX uu , }) 
      VA ←Get Voronoi area (A, FUN) 
      If (VA >  MIN (VA)  
             It is a crime Voronoi region 

Else 
               It is a Crime Voronoi space region 

 
 
Fig. 3: clique Optimization result for Voronoi single cell calculation. 

 
Figure 3 shows the CLIQUE Optimization result based on the given Spatial Crime dataset. The blue color 

Voronoi regions are shown crime Voronoi regions. The red color shows crime Voronoi sparse regions. F (OB) 
which include the most different outlier region given the parameters of all the objects in the crime region. This 
is corresponding to discovering the most expensive, or inexpensive, building in a neighbourhood crime region. 
 
 
Analysis of Algorithm: 

 

            
(a) Distribution of crime data                         (b) Excecution of CLIQUE Optimization  
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                                    (c) Voronoi Digram Construction 

 
Fig. 4: Construction of Voronoi region plans. 

 
The figure 4 shows after the result of the CLIQUE Optimization algorithm. Figure (a) shows the spatial 

crime data distributed in the particular area, the doted are showed density of the particular crime occurred in the 
particular space. (b) Shows apply the CLIQUE Optimization algorithm to find the exact density of the specified 
crime. (c) Shows to construct the Voronoi diagram of N sites in the plane using the Euclidean paradigm. As a 
contradict example presume the spatial crime dataset contains 9 objects with the optimal solution being 
disconnected. With this approach, that Voronoi crime region could not be discovered since the objects in the 
local Voronoi Crime region do not share neighbourhood relationships. This method might also find the optimal 
solution for the global Voronoi crime region if the data are connected. 

 
Voronoi based K-means algorithm for local Voronoi Crime region: 

There are a number of techniques have proposed for clustering using  Voronoi Diagram (Jiawei Han et al., 
2007). Koivistoinen et al., (2006) has introduced an agglomerative clustering algorithm for accesses a density 
data by constructing a Voronoi diagram for  the input data set. Yan et al., (2008) proposed an algorithm for 
point cluster generalization, considering the transmission of statistical, thematic, topological, and metric 
information, based on measures for quantifying these types of information and on strategies that integrate the 
measures into the algorithm. 

Consider SD number of crimes is dispersed uniformly in a field to detect VD attributes. Here the 
assumption is to predetermine cluster-heads these crimes are clustered into groups resulting in a clustered crime 
region. In our proposed approach the goal is to develop an algorithm that clusters the sensor nodes for a data 
relay without compromising crime region.  
 
Initial Assumptions: 
1. The network is standardized 
2. For long range region the hot spots are dominant for performing computations in the Voronoi region. 
3. Each and every crime data directly only with other crime in its cluster 
4. Number iteration in K-means controlled by the sum of mean square error. 
 
Algorithm Description: 
1. Let select k random points as Hotspots (HS) = (1,2,3,4,..k) 
2. Repeat  
3. For all SD € S do 
4. Qi ← Hotspots 
5. To prune candidate representatives from 
Hotspots = {HS1, HS2, HS3..., HSk}. 
6. For all HS∈  HS do 

 
Voronoi K-means Clustering Implimentation: 

Our proposed Voronoi K-Means is an unsupervised clustering method. The initial step of the work convert 
the collected spatial crime data to unsupervised data, and decide the number of clusters and the Hotspots. The 
second step to assign the clustering points to near the Hotspot. Third step moves the each cluster heads to actual 
Hotspot position. 

In mathematically the Voronoi K-Means is a clustering algorithm number of  data points D, K j
disjoint 

subsets SU j
to minimize the criterion J in which Y n

 vector representing the Dth data point and X j
is the 

geometric centroid of the data point K j
. 

 
 



Aust. J. Basic & Appl. Sci., 7(10): 67-74, 2013 

72 

Table 1: Parameter list 
S.No Parameters Values 
1. Crime data 250 
2. Cluster Heads 5 
3. Voronoi Regions 5 
4. Coordinate Positions  100*100 

 

 
Fig. 5: Voronoi K-Means Implementation 

 
Figure 5 shows the runtime of Voronoi  K-Means based on benchmark parameters showed in table 1by 

using JAVA 7.3. Collecting spatial crime data. 250 crime data are distributed in the 100 X 100 grid. Clustering 
was made by a number of Hotspots , and apply the Voronoi vectors . That Voronoi crime region could be 
discovered since the objects in the local Voronoi Crime region shared the neighborhood relationships. This 
method might also find the optimal solution for the global outlier detection.   
 
Performance Evaluation: 

The real data was generated using a consistent distribution of n objects and was used to compare the two 
approaches in order to evaluate the efficiency of each algorithm.  

 

 
Fig. 6: two spatial regional outliers in the collected Spatial crime dataset dataset 
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Fig. 7: Processing time comparison 

 
The test-dataset only included a one year of data, it was achievable to further investigate. By taking 2008 as 

the baseline, Figure 6 shows, it was possible to calculate percentage increases in some below, average, and 
above average priced properties for the property type. Interestingly, the results indicated that the more expensive 
properties increased at a lower-rate than, while the below-average properties kept pace with, properties valued 
close to the average value within the region. Figure 7 shows the processing time of the Voronoi K-Means are far 
better than the CLIQUE Optimization. 

 
Conclusion: 

The Voronoi K-Means algorithm was run and the values of all the Voronoi regions evaluated were stored 
then a distribution Voronoi diagram created. A spatial regional outlier is defined as a Voronoi region which 
contains an outlying object such that the deviation between the non-spatial attribute value of this object and the 
aggregate value of this attribute over all objects in the region is maximized. The experimental results 
demonstrate the meaningfulness of spatial regional outliers. They also show that the proposed Voronoi K-Means 
algorithm scale much better to large data sets than the CLIQUE Optimization algorithm, while producing results 
that are close to the optimum solution. 
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