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Abstract: With the advances in the digital 

media the digital data acquisition and 

storage has become more prevalent and led 

to the collection of large amount of data 

and its corresponding data bases which 

includes Terabytes and peta bytes of data. 

Extraction of useful information from 

these databases is a huge challenging task. 

The present paper explores the various 

techniques to convert the spatial data 

attributes to a numerical equivalent, so as 

to make it equipped for applying the 

common clustering algorithms. The 

clusters identified can be indexed back to 

the original data set for subjective 

interpretation and integration. 

I.INTRODUCTION 

Given a set of data points in 

multidimensional space and a clustering 

criterion, partition based algorithms 

obtains a partition of objects into clusters, 

such that the objects in a cluster is more 

similar to the objects inside the cluster 

than to objects in other clusters. Clustering 

is a process of grouping objects together 

based on their similarities. The problem of 

clustering is defined as follows: “Given a 

set of data points in multidimensional 

space, find a partition of points into 

clusters so that the points within the 

clusters are close to each other” [1]. 

The objects within the same cluster are 

similar to each other whereas the objects in 

other clusters are dissimilar. Data to be 

clustered consists of objects which are also 

called as data points, rows, instances etc. 

Each object is described by a set of values 

in different dimensions. Dimensions are 

also referred to as attributes, fields etc. The 

values in attributes are usually categorical 

or numeric. A data set is assumed to 

contain numeric attributes as well as 

categorical attributes without missing 

values. A cluster is defined to have non 

empty sub set of objects which are similar 

to each other. The objects within the 

cluster are called as members of the 

cluster. Two clusters are said to be disjoint 

clusters if they contain no common 

objects. 

There are two principles that are to be 

followed while clustering data points 

(i) Homogeneity: Elements within the 

cluster should be close to each other 

(ii) Separation: Elements which are not in 

the same cluster should be far away from 

each other. 

This paper is organized as follows 

II.BACKGROUND 

(i) K-Means Clustering Algorithm  
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It is one of the simplest and famous 

unsupervised algorithms used to partition a 

given data into K number of 

partitions/clusters in which every object 

belongs to the cluster with the nearest 

mean. The algorithm aims to minimize a 

objective function or the squared error 

function [8], the objective function is 

given as    

𝐽 = ∑ ∑ ||𝑥𝑖
𝑗

− 𝑐𝑗||2𝑛
𝑖=1

𝑘
𝑗=1       

    (1) 

This algorithm is dependent on the 

distance measure between a data point and 

the cluster center.  

The following are the steps that are 

followed for K-means clustering  

1. Select k initial modes, one for each 

cluster where k is an input parameter 

2. Each object is allocated to the nearest 

mode based on their distance between 

them. Once all objects are allocated, new 

mode is calculated for each cluster. 

3. Dissimilarity between the new mode and 

the objects is tested and some objects are 

reallocated to other clusters if they are 

nearer to those modes. 

4. Steps 2 and 3 are repeated until no 

object has changed the relevant cluster. 

(ii)  K-Medoid Clustering Algorithm  

K-medoids algorithms are partitional 

algorithm that attempt to minimize squared 

error, the distance between points labeled 

to be in a cluster and a point designated as 

the center of that cluster [2]. A medoid can 

be defined as an object of cluster whose 

average dissimilarity between the cluster 

centers is minimum which means that it is 

a centrally located point in the given 

dataset. Unlike K-means, Medoids uses 

most centrally located object as a reference 

instead of mean. K-medoid is more robust 

than k-means because a mediod is less 

influenced by outliers than a mean. 

(iii) DBSCAN (Density Based Spatial 

Clustering of Applications with Noise) 

It was presented by Ester et.al in [3]. It 

requires two input parameters 

Eps(Maximum radius) and (minpts) 

minimum points to control the density of 

normal clusters. It is used to discover 

clusters of any shape. In order to reduce 

the time complexity, Minpts is set to 4. It 

has to calculate the distance between a 

point and its k nearest neighbors for all the 

points. Then it sorts all data points 

according to the calculated distance and 

plots the sorted graph. 

Objects can be classified into 2 categories. 

They are  

Core Object: Object with at least MinPts 

objects within a radius ‘Eps neighborhood’ 

Border Object: Object that is situated on 

the border of a cluster 

The following are the steps that are 

followed for DBSCAN 

(i) Randomly a point p is selected. 

(ii) All points that are density reachable 

from p with respect to Eps and Minpts are 

retrieved. 

(iii) A cluster is formed if p is a core point. 
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(iv) If p is a border point, no points are 

reachable from p. So, DBSCAN selects the 

next point from the database. 

(v) Process is continued until all points 

have been processed. 

III.PROPOSED APPROACHES 

(i) PILLAR K-means Algorithm  

Data Normalization 

Because of different ranges of data points 

in HSL and CIELAB color spaces, we 

need to normalize the datasets. In our 

system, Soft max algorithm is used for the 

data normalization. The Soft max can 

reach softly toward its maximum and 

minimum value, but never getting there. 

The transformation using Soft max is more 

or less linear in the middle range, and has a 

smooth nonlinearity at both ends. The 

output range is between 0 and 1. A 

function in principle used to obtain the 

needed S-curve is the logistic function. 

f(xi) =  
1

 1+𝑒−𝑥𝑖
                  

    (2) 

The logistic function produces the needed 

S-curve but not over the needed range of 

values, and there is also no way to select 

the range of linear response. In order to 

resolve this problem, {x} should be first 

transformed linearly to vary around the 

mean x in the following way 

𝑥𝑖
′ =  

𝑥𝑖−  

𝜆(
𝜎 𝑥

2𝜋)⁄
      

    (3) 

Where: x is the mean value of variable x, 

𝜎𝑥 is the standard deviation of variable x, λ 

is the linear response measured in standard 

deviation. It describes in terms of how 

many normally distributed standard 

deviations of the variables are to have a 

linear response. In our case, we set λ=10 in 

order to make smoother for normalizing 

the datasets. 

Spatial Data clustering using Pillar 

Algorithm 

The system uses the real size of the image 

in order to perform high quality of the 

image segmentation. It causes high-

resolution image data points to be 

clustered. Therefore we use the K-means 

algorithm for clustering image data 

considering that its ability to cluster huge 

data, and also outliers, quickly and 

efficiently. However, Because of initial 

starting points generated randomly, K-

means algorithm is difficult to reach global 

optimum, but only to one of local minima 

which it will lead to incorrect clustering 

results. Barakbah and Helen performed 

that the error ratio of K-means is more 

than 60% for well-separated datasets. To 

avoid this phenomenon in this project uses 

our previous work regarding initial clusters 

optimization for K-means using Pillar 

algorithm. The Pillar algorithm is very 

robust and superior for initial centroids 

optimization for K-means by positioning 

all centroids far separately among them in 

the data distribution. This algorithm is 

inspired by the thought process of 

determining a set of pillars’ locations in 

order to make a stable house or building. 

Figure 1 illustrates the locating of two, 

three, and four pillars, in order to 

withstand the pressure distributions of 

several different roof structures composed 

of discrete points. It is inspiring that by 

distributing the pillars as far as possible 
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from each other within the pressure 

distribution of a roof, the pillars can 

withstand the roof’s pressure and stabilize 

a house or building. It considers the pillars 

which should be located as far as possible 

from each other to withstand against the 

pressure distribution of a roof, as number 

of centroids among the gravity weight of 

data distribution in the vector space. 

Therefore, this algorithm designates 

positions of initial centroids in the farthest 

accumulated distance between them in the 

data distribution. 

 

Figure 1: Illustrating of locating a set o 

pillars (white point) withstanding                          

against different pressure distribution of 

roofs 

The Pillar algorithm is described as 

follows. Let X={xi |i=1,…,n} be data, k be 

number of clusters, C={ci | i=1,…,k} be 

initial centroids, SX ⊆ X be identification 

for X which are already selected in the 

sequence of process, DM={xi |i=1,…,n} be 

accumulated distance metric, D={xi | 

i=1,…,n} be distance metric for each 

iteration, and m be the grand mean of X.  

The following execution steps of the 

proposed algorithm are described as: 

1. Set C=Ø, SX=Ø, and DM=[ ] 

2. Calculate D  dis(X,m) 

3. Set number of neighbors nmin = α. n / k 

4. Assign dmax argmax(D) 

5. Set neighborhood boundary nbdis = β . 

dmax 

6. Set i=1 as counter to determine the i-th 

initial centroid 

7. DM = DM + D 

8. Select ж  xargmax(DM) as the 

candidate for i-th initial centroids 

9. SX=SX U ж 

10. Set D as the distance metric between X 

to ж. 

11. Set no number of data points 

fulfilling D ≤ nbdis 

12. Assign DM(ж)=0 

13. If no < nmin, go to step 8 

14. Assign D(SX)=0 

15. C = C U ж 

16. i = i + 1 

17. If i ≤ k, go back to step 7 

18. Finish in which C is the solution as 

optimized initial centroids. 

However, the computation time may take 

long time if we apply the Pillar algorithm 

directly for all elements of high resolution 

spatial data points. In order to solve this 

problem, we reduce the matrix size to 5%, 

and then we apply the Pillar algorithm. 

After getting the optimized initial 

centroids, apply clustering using the K-

means algorithm and then obtain the 
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position of final centroids.  Use these final 

centroids as the initial centroids for the 

real size of the spatial matrix as, and then 

apply the image data point clustering using 

K-means. This mechanism is able to 

improve segmentation results and make 

faster computation for the spatial 

clustering. [4].  

(ii) Dynamic DBSCAN algorithm   

DBSCAN stands for Density Based Spatial 

Clustering of Applications with noise and 

grows regions with sufficiently high 

density into clusters and discovers clusters 

of arbitrary shape in spatial databases with 

noise. This algorithm searches for clusters 

by checking its connected neighborhood if 

each pint in the database. A density based 

cluster is a set of density connected objects 

that is maximal with respect to density 

reach ability. Every Object not contained 

in any cluster is considered noisy object 

however, this algorithm defines a cluster to 

be a maximum set of density connected 

points. Every core point in a cluster must 

have at least a minimum number of points 

(MinPts) within a given radius (Eps). 

However there is a simple and effective 

heuristic to determine the parameters Eps 

and MinPts of the thinnest i.e; least dense 

cluster in the database. Therefore 

DBSCAN uses global values for Eps and 

MinPts i.e the same values for all clusters . 

With the dynamic data, this algorithm 

dynamically changes the epsilon (Eps) 

value during each batch of insertion. 

Another most important variation is, 

during each step of batch insertion it 

considers the data points which are 

classified as noise(outliers) or border 

objects are removed and once again they 

marked as unclassified points or outliers 

and combined with the new data which to 

be inserted. During insertion, it inserts 

only one data point at a time and then re-

estimates the cluster IDs 

The following steps are followed in 

Dynamic DBSCAN algorithm  

Let DEx be the existing dataset which is 

already cluster into Cex number of classes, 

Dnew dataset which is to be added in to DEx 

cluster in to Cnew number of classes and Є 

small epsilon value.  

1. All objects in DEx are classified, and 

assume All object in Dnew are un classified  

2. NEx=outliers(DEx) 

3.Assume the previous outliers and border 

objects as unclassified  

Dnew ← Dnew union Nex  

4. For all objects ‘O’ ‘in Dnew do  

DEx ← DEx union ‘O’ in DEx                      

5. Re estimate epsilon based on the DEx 

IV. EXPERIMENTAL RESULTS 

In this paper spatial data based dataset is 

considered for the performance evaluation. 

Three algorithm K-mean, Pillar K-means 

and Dynamic DBSCAN algorithms are   

used to cluster the objects. The dataset is 

collected from [5], consists of 102 objects. 

The dataset include both colour and gray 

level images and also a benchmark manual 

segmented image is provided for the 

performance measurement. In this research 

gray level input images are utilized for 

experiment analysis. 
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Some of the sample Images are displayed 

below  

 

(a) 

 

(b) 

 

                            (c) 

 

                            (d) 

 

 

 

(e) 

 

(f) 

                      Figure 2: Some of the test 

samples used in the research (Taken from 

[5]) 

 

(a) 

 

(b) 
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(c) 

 

(d) 

 

(e) 

 

(f) 

Figure 3: The corresponding segmented 

Images obtained with algorithm are shown 

below 

 

 

 

 



D DURGAN BHAVANI, et al , International Journal of Research Sciences and Advanced 

Engineering [IJRSAE]TM 

Volume 2 , Issue 6 , PP: 44 - 53   , APRIL ’ 2014. 
 

  

 
 

International Journal of Research Sciences and Advanced Engineering 

                             Vol.2 (6), ISSN: 2319-6106, APRIL ’ 2014.                       PP: 44 - 53 

 

 

Figure 4: Benchmark segmentation masks 

V.  PERFORMANCE METRICS FOR 

CALCULATION  

The evaluation of tumor extraction results 

by proposed method is compared with the 

manually segmented tumors. The manual 

segmentations are provided by medical 

experts, which might include abnormal 

tissues along with the tumor region. Let us 

represent ‘M’ be the manual segmented 

tumor and ‘A’ be the segmented tumor by 

the proposed method as shown in figure 4. 

Here, similarity index (SI), correct 

detection ratio (CDR), under segmentation 

error (USE) and over segmentation error 

(OSE) are used for efficiency evaluation. 

SI is a measure which gives the true 

segmented region relative to the total 

segmented region in both the 

segmentations.CDR value indicates the 

degree of trueness of the actual tumor. 

USE is the ratio of the number of pixels 

falsely identified as tumor portion by the 

proposed method to the manual segmented 

tumor.OSE is the ratio of number of pixels 

falsely identified non tumor region by the 

proposed method to the manual segmented 

tumor. Total segmentation error (TSE) is 

the sum of USE and OSE. The evaluation 

metrics SI, CDR, USE and OSE are 

obtained by equations below respectively 

[91-94]. 

 

 

 

 

 

Figure 5: Venn diagram representation of 

M, A, TP, FP and FN 

 

SI =
2TP

2TP + FP + FN
× 100% 

 

CDR =  
TP

TP + FN
× 100% 

 

USE =  
FP

TP + FN
× 100% 

Where TP is the number of pixels detected 

correctly, FP is the number of pixels 

detected falsely as tumor and FN is the 

number of pixels detected falsely as non 

tumor.  

Table I: The experiments analyses for few 

images were presented in the tabular 

column. 

M A 

 

FP             TP 

 

FN 
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Image K-means Pillar K-means Dynamic DBSCAN 

 SI    CDR USE SI    CDR USE   SI    CDR USE 

Image-(a) 0.98 0.97 0.05 0.99 0.99 0.02 0.99 0.97 0.04 

Image-(b) 0.91 0.89 0.18 0.96 0.91 0.12 0.93 0.90 0.16 

Image-(c) 0.88 0.86 0.21 0.92 0.89 0.13 0.91 0.87 0.17 

Image-(d) 0.89 0.88 0.19 0.93 0.91 0.11 0.92 0.88 0.16 

Image-(e) 0.88 0.86 0.21 0.92 0.89 0.13 0.91 0.87 0.17 

Image-(f) 0.87 0.83 0.25 0.90 0.87 0.17 0.88 0.86 0.21 

 

 

 

Figure 6: Comparison of similarity of 

different images with different algorithms 

 

Figure 7: Comparison of correct detection 

ration for different algorithms 

 

 

 

Figure 8: Comparisons of under 

segmentation error for different algorithms 

VI CONCLUSION 

Two spatial data clustering approaches 

have been proposed for the segmentation 

of high dimensional grid data. From the 

experimental results it is clear that the 

pillar K-means algorithm outperforms and 

shows an improvement of about 2 % in the 

correct detection ratio. This work may be 

extended further for the textual data and 

numerical analysis. 
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