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ABSTRACT: 

Clustering plays an important role in the data mining fields. Image clustering based on 

partitioning methods such as PAM, CLARA and CLARANS groups set of objects based 

on a deviation of the Euclidean distance among the cluster representative objects. These 

techniques will fail to produce precise results if the data contains noise. This paper 

emphasizes on the clustering of the images using DBSCAN, OPTICS and Grid (STING) 

clustering techniques. These techniques are intended to determine the clusters of an 

arbitrary shape which includes cluster ordering. The hybrid approach is proposed to 

implement new clustering algorithms like GRID_ DBSCAN and GRID_OPTICS. The 

proposed method achieves fast processing time and better performance when compared 

with DBSCAN and OPTICS. Among these two new clustering techniques GRID_OPTICS 

outperforms well. 
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[1] INTRODUCTION 

 
Clustering is the process of organizing  objects into  groups in such a way that 

members in the same group are more close  to each other and also far apart from 

those in other groups. It can be used in the identification of areas of similar land 

usage in an earth observation or in merging regions with similar weather patterns, 

medicine, market research, computational biology , bioinformatics , world wide web, 

computer science, crime analysis and mathematical chemistry. Spatial clustering 

algorithms have been proposed in many applications such as data analysis, pattern 

recognition, and image processing. Partitioning techniques can be applied on images 
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in which a digital image is divided into multiple segments. The Segmentation can be 

categorized into clustering [9, 17, 19, 21], edge detection, region growing etc. Edge 

detection is a well-developed field in image processing. Both region boundaries and edges 

are similar since often there is a sharp adjustments at the region boundaries. Region 

growing methods start usually from a pixel level and, using a homogeneity criterion, merge 

neighboring objects in a sequential order until the criterion exceeds a threshold defined by 

the user. The boundary-based methods fail if image is noisy. Both region boundary and 

edge detection based methods often fail to produce accurate segmentation results. Existing 

clustering techniques can be broadly classified into partitioning-based, hierarchical-based, 

density-based, and grid-based clustering algorithms [3, 10, 14, 15]. Partitioning algorithms 

construct partitions on  N objects into a set of  ‘k’ clusters such that within the same cluster 

, objects are more similar to each other than to objects in different clusters[3, 14, 15]. To 

improve the scalability partitioning (pre-clustering) and random sampling methods are 

used. Consequently, these clustering algorithms are effective in determining a good 

clustering if the parameter k can be estimated reasonably and if the  clusters are of similar 

size , density and convex shape. The partitioning algorithms like k-means, k-medoid [12, 

17, 18] and k-modes depends on the type of prototypes. Clusters are formed by assigning 

the objects with the most similar (i.e. closest) prototype. To optimize the clustering an 

iterative control strategy is used, i.e. the squared or average distances of objects with its 

prototypes are minimized. For k-means algorithm  the prototype is the mean value of all 

objects belonging to a cluster. In k-medoid algorithms one of the objects which is located 

near the “center” of a cluster known as medoid is used as a prototype. The k-modes  

algorithm extends the  k-means paradigm which is suitable for categorical domains. The 

algorithm CLARANS [12,17,18] is an improved k-medoid type algorithm restricting the 

huge search space by using two additional user-supplied parameters. This method is 

significantly efficient than the well-known k-medoid algorithms PAM and CLARA [4, 20], 

producing a result of nearly the same quality. The above algorithms are used for only 

elliptical shaped clusters with limited dimensions. To overcome this density-based 

clustering methods have been developed [10]. These methods are based on connectivity 

and density functions. The hierarchical clustering methods can be classified into 

Agglomerative (bottom-up) and  Divisive (top-down) [13, 14]. Hierarchical clustering 

methods decompose a database into numerous levels of nested partitioning (clustering), 

represented by a Dendogram, i.e. a tree structure commonly used to represent the process 

of hierarchical clustering [1, 8, 18, 21]. It depicts how objects are grouped together with a 

step by step process [4, 20]. Starting with the clustering obtained by placing every object in 
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a different cluster, in each step the two clusters which are closest [13, 14] are merged 

until all points are in one cluster. The main drawback with hierarchical clustering 

method is its inability to change the decision (merge or split) after it has been 

executed. There are three different methods of density-based clustering. They are 

DBSCAN , OPTICS and DENCLUE [4, 20]. DBSCAN ( density based spatial 

clustering of application along with noise) is a simple and effective clustering 

algorithm [13, 14]. It can detect arbitrary shape clusters at different scales and has a 

time complexity of O(n). DBSCAN grows regions with sufficiently high intensity 

that are separated from one another by regions of low density in spatial databases 

with noise. Although DBSCAN can cluster objects given input parameters such as ℰ 

and MinPnts, it still leaves the user with the responsibility of selecting parameter 

values that will lead to the discovery of acceptable clusters. This is a problem 

associated with many clustering algorithms. To overcome this difficulty, a cluster 

analysis method called OPTICS was proposed. Rather than producing  a data set for 

clustering explicitly , this approach computes cluster ordering to provide automatic 

and interactive cluster analysis. The structure of the data can be obtained by ordering 

of the objects in this clustering from an extensive range of parameter settings. The 

grid-based methods have the higher processing rate that mainly depends on the size 

of the grid instead of the data objects. The representative grid-based clustering 

algorithms are STING [4, 20], Wave Cluster , and CLIQUE [2,16]. These algorithms 

generally first employ a uniform grid to collect the regional statistic data and then 

perform the clustering on the grid as an alternate to the database. 

 
 

[2]  DBSCAN CLUSTERING TECHNIQUE 

DBSCAN (Density-based spatial clustering of applications with noise) is one 

of the      density based clustering technique proposed by Martin Ester, Hans-Peter 

Kriegel, etc.  Density-based methods are based on connectivity and density 

functions. It finds a number of clusters starting from the estimated density 

distribution of corresponding nodes. It requires only one input parameter and 

supports the user in determining an appropriate value for it. It discovers clusters of 

arbitrary shape [4, 20]. Finally, DBSCAN is efficient even for large spatial 

databases. The present algorithm DBSCAN which is designed to discover the 

clusters and the noise in a spatial database relies on a density-based notion of cluster  

[13, 14]. A cluster is defined as a maximal set of density-connected points. 
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The basic idea of density based clustering involves a number of definitions, which 

are as follows: 

1. ε -neighborhood of on object (ε -Nbhd(p)) 

    The ε -Nbhd of an object p is defined as , for a given positive radius (ε) , the 

neighborhood of an object must be with the radius . i.e  ε -Nbhd(p) = {qD | dist(p,q) ≤ 

ε }. 

A naive based approach could require for each object in a cluster that there are at 

least a minimum number of objects (MinPnts)  in the ε-neighborhood of that object. 

This method fails because of two kinds of objects in a cluster, the objects on the 

border of the cluster (border points) and the objects inside of the cluster (core points). In 

general, ε-neighborhood of a border point contains significantly less points than ε-

neighborhood of a core point. Therefore, the minimum number of points must be 

relatively low in order to include all points belonging to the same cluster.  In this approach 

for every object  p in a cluster C there is an point q in C so that p is inside of the ε-

neighborhood of q and ε -Nbhd(q) contains at least MinPnts objects.  

 

2. Core Object. An object is said to be a core object, if the ε -neighborhood of an 

object contains at least a minimum number of objects (MinPnts). 

3. Directly density-reachable. An object  is directly density-reachable from an 

object q w.r.t ε, MinPnts if 

1) p ε -Nbhd(q) and 

2) | ε -Nbhd (q)| ≥ MinPnts  (core point condition) 

 

4. Density-reachable. An object p is density reachable from an object q w.r.t ε and 

MinPnts if there is a chain of points p1, ..., pn, p1= q, pn = p such that pi+1 is directly 

density-reachable from pi. Density-reachability is a canonical extension of direct density-

reachability.  

5. Density-connected.  An object p is density connected to an object q w.r.t. ‘ε’ and 

MinPnts if there is an object such that both, p and q are density-reachable from ‘o’ w.r.t 

‘ε’ and MinPnts. 

6. Density Cluster. Let D be a database of objects. A cluster C  w.r.t ‘ε’and MinPnts 

is a non-empty subset of D satisfying the following conditions: 

1) p, q: if pC and q is density-reachable from  P  w.r.t  ‘ε’ and MinPnts, then qC.     
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2) p, q C: p is density-connected to q w.r.t ‘ε’  and MinPnts.  

 

7. Noise.  Let C1 ,. . ., Ck be the clusters of the database D  w.r.t. parameters ‘ε’ and 

MinPnts , i = 1, . . ., k. Then the noise can be defined as the set of objects in the database 

D not belonging to any cluster Ci ,  i.e. noise = {pD | ∀i: pCi}. 

 

 

[2.1] DBSCAN ALGORITHM  

The DBSCAN algorithm can discover clusters in huge spatial data sets by 

gazing the local density of database elements, with only one input parameter. The 

DBSCAN can furthermore decide which information has to be classified as noise or 

else outlier. DBSCAN can find clusters of an arbitrary shape. If a point is found to 

be in a dense part of a cluster, then the ε-neighborhood of that point is also part of 

the same cluster. Thus, all points that are found in the ε-neighborhood are added. 

This method continues until all the density-connected cluster is entirely found. 

Subsequently, a new unvisited point is retrieved and processed, leading to the 

finding of further cluster or noise. 

 

Algorithm DBSCAN (flist, ε, MinPnts) 

for each unvisited point P in flist  

 mark P as visited 

NbrPoints=getNbrPoints (P, ε) 

if (sizeof(NbrPoints)< MinPnts) 

 mark P as NOISE 

else C = next cluster  

 extendCluster (P,NbrPoints, C, ε , MinPnts) 

         add P to cluster C 

for each pixel Q in NbrPoints 

if ( Q is not visited ) 

 mark Q as visited 

NbrPoints’=getNbrPoints (Q, ε) 

If( sizeof(NbrPoints') >= MinPnts ) 

NbrPoints=NbrPoints joined with NbrPoints ' 

 

If ( Q is  not a member of any cluster ) 
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          add Q to cluster C 

 

[3] OPTICS CLUSTERING TECHNIQUE 

OPTICS (Ordering points to identify the clustering structure) is an algorithm for 

finding density-based clusters in spatial data. Its basic idea is similar to DBSCAN, but one 

of the major drawbacks in DBSCAN is the difficulty of identifying meaningful clusters in 

data of varying density [3, 14, 15]. In order to do so, the objects of the database are ordered 

such that objects which are spatially closest become neighbors in their ordering. 

Furthermore, a special distance measure as shown in fig4.1 is calculated for each object that 

represents the density that needs to be accepted for a cluster in order to have both objects 

belong to the same cluster. The following two definitions describe the distance measure 

which is used in OPTICS algorithm. 

Definition 1: (core-distance of an object p) 

Let p be an object from a database D, let ε be a distance value, let Nε(p) be the ε-

neighborhood of p and let MinPnts-distance(p) be the distance from p to its MinPnts’ 

neighbor. Then, the core-distance of p is defined as core-distance ε,MinPnts(p) = The core-

distance of an object p is simply the smallest distance ε’ between p and an object in its ε-

neighborhood such that p would be a core object with respect to ε’. 

 

Fig.4.1. OPTICS Algorithm 

Definition 2: (Reachability-Distance of an object p)  

Let ‘p’ and ‘o’ be objects from a database D, the ε-neighborhood of ‘o’ can be 

denoted as Nε(o) . Then, the reachability-distance of ‘p’ with respect to ‘o’ is defined as 

reachability-distance,  

MinPnts(p, o) =UNDEFINED, if Nε (o) < MinPnts   max(coredistance(o),distance(o,p)) 

Otherwise, reachability-distance of an object ‘p’ with respect to another object ‘o ‘ is the 

smallest distance such that ‘p’ is directly density-reachable from ‘o’ if ‘o’ is a core object.  
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[3.1] OPTICS ALGORITHM  

 

OPTICS requires two parameters: ‘ε’ (Epsilon) and minimum points. It is 

sufficient to extract all density-based clustering with respect to any distance ε’ 

which is smaller than the generating distance ‘ε’ from this order[3, 14, 15] . This 

pixel's ε-neighborhood is retrieved, and if it contains sufficiently many pixels within 

or less than ε -neighborhood, a cluster is started. Otherwise, the pixel is labeled as 

noise. The reachability-distance of the current object is verified whether it is larger 

than the clustering-distance ε’. In this case, the pixel is not density-reachable with 

respect to ε’ and MinPnts from any of the pixels which are located before the 

current pixel in the cluster-ordering. This is obvious, because if pixel had been 

density-reachable with respect to ε’ and MinPnts from a preceding object in the 

order, it would have been assigned a reachability-distance of at most  ε’. Therefore, 

if the reachability-distance is larger than ε’, the core-distance of the  pixel is 

considered to start a new cluster if pixel is a core object with respect to ε’ and 

MinPnts; otherwise, pixel is assigned to NOISE. 

 

 Algorithm OPTICS (flist, ε, MinPnts)  

for each unvisited pixel P in flist mark P as visited 

NbrPoints= (P, ε) 

if (sizeof(NbrPoints) < MinPnts) 

  mark P as NOISE 

else C = next cluster 

extendCluster( P, NbrPoints, C, ε, MinPnts ) 

   add P to cluster C 

for each pixel Q in NbrPoints 

if ( Q is not visited ) 

  mark Q as visited 

if(p.getCoreDist()!=0 

if(q.getReachDist()!=0) 

cluster1.add(p); 

If(  sizeof(cluster1) >= MinPnts )  

 NbrPoints = NbrPoints joined with NbrPoints If ( Q is not a member of any 

cluster) 
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 add Q to cluster C 

 

[4] STING CLUSTERING TECHNIQUE 
 

A statistical information using grid based approach called STING (STatistical 

Information Grid) to spatial data mining. The spatial region is divided into rectangular cells. 

These cells correspond to different levels of various resolutions and a hierarchical structure 

is formed through these cells. At a higher level each cell is partitioned to form a number of 

cells of the next lower level. With each cell the Statistical information is calculated and 

stored beforehand and is used to answer queries[4, 20]. The advantage of this approach is: It 

is a query-independent approach [13, 14]. As the summary of the data is stored in each grid 

cell, the statistical information exists independently of queries. This information can be used 

to assist answering a large class of queries. If M number of grid cells are there at the lowest 

level, the computational complexity is O(M). Usually, M << N,  where N is the number of 

objects. Query processing algorithms using this structure are trivial to parallelize. When data 

is updated, all information in the cell hierarchy need not be recomputed. Instead, an 

incremental update can be done. 

 

[4.1] CONSTRUCTION OF GRID CELL HIERARCHY 

 
The spatial area can be divided into rectangle cells (e.g., using latitude and longitude) 

and employ a hierarchical structure[4, 20]. Let the root of the hierarchy be at level1, and its 

children at level2. At leveli each cell corresponds to the union of the areas of its children at 

leveli+1. In this paper each cell (except the leaves) has 4 children and each child corresponds 

to one quadrant of the parent cell. The root cell at level1 corresponds to the whole spatial 

area. The size of the leaf level cells is dependent on the density of objects. In general, the 

size can be chosen as the average number of objects in each cell and they must be in the 

range from several dozens to thousands. By changing the number of cells that form a higher 

level cell, a desirable number of layers could be obtained. Here the space is considered as 

two dimensions although it is very easy to generalize this hierarchy structure to higher 

dimensional models. To represent two dimensions in  the hierarchical structure  each cell 

consists of two values, one is  dependent on attributes and the other one is independent from 

attribute parameters. The independent attribute parameter is ‘n’ (number of objects or points 

in the present cell).The dependent attribute parameters are the values related to the 

attributes. For each numerical attribute, the following five parameters are calculated for each 

cell: 

m    - mean of all values in the cell. 
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s      -  standard deviation of all values of the     attribute in the cell. 

max, min  -the maximum ,minimum, value of the  attribute in the cell. 

distribution  - the type of distribution that the attribute   value in the cell follows. 

The parameter distribution is of two types enumeration and Potential. Potential 

distribution includes normal, uniform, exponential, and so on. If the type of the  

distribution is unknown NONE is assigned as the value. 

 

[4.2] GRID CONSTRUCTION ALGORITHM  

The following algorithm describes to construct the grid structure of the image. 

The Sx and Sy contains the x y coordinate of the first pixel and ex and ey contains the 

x y coordinate of the last pixel. So Sx=0, Sy=0, ex=256, ey=256. Listl contains the all 

the pixels of the original image. l1- l4 are the 4 childs of the current cell if it is not 

the leaf cell, which contains a list of pixels. If the current cell is a leaf cell, then l1- l4 

contains null. Leaf Size is the size of the leaf cell. The recursive function Construct 

Grid takes input parameters as Sx, Sy, ex, ey listl and construct the grid structure 

until the column Size equals to leaf Size. The construction Child function takes 

input parameters as coordinates of the starting and ending pixels of the rectangular 

child cell and returns that rectangular part of the original image.  

 

Algorithm ConstructGrid (Sx, Sy, ex, ey, l) 

{ S=l.size();len=Math.sqrt(s); 

 colSize =len/2; 

 if(colSize >= leaveSize) 

 {     l1-l4 are 4 child grids of the current cell 

  call constructionGrid for l1 child 

  call constructionGrid for l2 child 

  call constructionGrid for l3 child 

  call constructionGrid for l4 child 

 } 

 else 

 { l1=null; 

  l2=null; 

  l3=null 

  l4=null 
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 }} 

[4.3] PARAMETER GENERATION 
 

The parameters meanR, meanG, meanB, minR, minG, minB, maxR, maxG, maxB, 

agricultureCount, greeneryCount, urbanCount, waterCount, seaCount, otherCount of bottom 

level cells are calculated directly from data. The parameter threshholdColor is calculated in 

the following way:- 

threshholdColor = new Color ( (int) meanR, (int) meanG, (int) meanB) 

The parameters of higher level cells can be easily calculated from parameters of lower 

level cell.  

 

[4.4] GRID CLUSTERING  

 
To perform clustering on grid data structure [4, 20], initially density level must be 

given as an input parameter by the user. With the help of given parameter, a top-down grid-

based method is used to find regions with sufficient density by adopting the following 

procedure. First a layer within the hierarchical structure is determined where the root layer 

is chosen initially. Compute the confidence interval for each cell in the current layer to 

check whether the cell will be relevant to the clustering. If any cells are not meeting the 

confident level are deemed irrelevant and will be removed from further consideration. The 

relevant cells are then refined to finer resolution by repeating the procedure at the next level 

of the structure. This process is repeated until the bottom layer is reached. At this time 

regions of relevant cells are processed. All the considered regions (Agriculture, water, 

greenery, urban, sea, other) are displayed on the clustering output. The thresholds are 

calculated from the pixel information.   

.   

[4.5] HYBRID APPROACH 
 

To improve the accuracy of the clustering technique, the hybrid approach is used to 

merge the DBSCAN, GRID and OPTICS clustering algorithms to create new clustering 

algorithms like GRID-DBSCAN and GRID-OPTICS. The spatial image is divided into 

rectangular cells. These rectangular cells correspond to different resolution, at different 

levels to form a hierarchical grid structure. Each high level cell is partitioned to form a 

number of cells at the next lower level. After construction of the GRID structure clustering 

on the GRID is done in the following way. To perform clustering on such a grid data 

structure, users must first supply the density level as input parameter. Using this parameter, 

a top-down, grid-based method is used to find regions with sufficient density by adopting 
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the Grid Clustering procedure. In GRID-DBSCAN algorithm the DBSCAN algorithm 

is used for processing of the relevant bottom cells. In GRID-OPTICS algorithm the 

OPTICS algorithm is used for processing of the relevant bottom cells.  

 

[5] RESULTS AND DISCUSSIONS 
 

Next for each core pixel epsilon neighborhood pixels are calculated whose time 

complexity is O (logN). The Grid algorithm goes through each pixel of the image to 

compute the cells of statistical parameters, therefore the time complexity to generate 

statistical parameters is O(N), where N is the total number of pixels. After generating the 

hierarchical structure, the cluster & query processing takes time complexity of O(G), where 

G is the total number of grid cells at the lowest cell, which is usually smaller than N.  

GRID-DBSCAN and GRID-OPTICS algorithms are the combinations of the both OPTICS 

and DBSCAN along with GRID concept. The processing of the cluster is analyzed by the 

accuracy assessment of the methods of DBSCAN, OPTICS, GRID-DBSCAN and GRID-

OPTICS technique. By comparing two sources of information’s like clustered data and 

reference test data Accuracy estimation can be performed. The relationship of these two sets 

is summarized in an error matrix where columns represent the reference data while rows 

represent the clustered data. An error matrix is a square array of numbers laid out in rows 

and columns that expresses the number of sample units assigns to a particular category 

relative to the actual category as verified in the concern field. With the help independent 

sample points accuracy estimation was done. The preference of sampling practice depends 

upon several factors, including the size of the study area, its type, distribution of features are 

being mapped, The stratified random samples were chosen to take reference samples and to 

test the accuracy of the classifier. Sampling units should be at least the size of one pixel but, 

in order to take geometric distortions into considerations, the considered sampling units 

must be more than one pixel. There are a number of issues relevant to the generation and 

assessment of errors in a classification. The Table1 shows the accuracy of the DBSCAN, 

OPTICS, GRID, GRID-DBSCAN, GRID_OPTICS clustering algorithms for 10 different 

images. The accuracy was calculated by kappa statistics. Among 10 images used in 

clustering, the GRID-OPTICS method gives more accuracy compared to DBSCAN. The 

figure1 and figure 2 represents the input images along with their clustered output images. 

Figure3 shows the comparison of the kappa statistics values using various clustering 

techniques for the same input image. 
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[5.1] KAPPA STATISTIC 
  

 Kappa Statistic, is a measure of the proportional (or percentage) improvement by the 

classifier over a purely random assignment to classes. The Kappa statistic was derived to 

include measures of class accuracy within an overall measurement of classifier accuracy. 

Kappa analysis yields a Khat statistics that is a measure of agreement or accuracy.  

 

Original 

Image 

DBSCAN OPTICS 

 
  

 

  

 

 
 

Figure1. DBSCAN, OPTICS Clustering Output 

 

Original image GRID GRID 
DBSCAN 

GRID 
OPTICS 

 
  

 

 

  

 

  
  

Figure2. GRID, GRID-DBSCAN, GRID-OPTICS Clustering Output 

 

The Kappa Statistic for various images are shown to facilitate comparison of the 

various methods of density based clustering techniques. Table1 represents the accuracy 

values for the DBSCAN, OPTICS, GRID, GRID-DBSCAN and GRID_OPTICS clustering 

algorithms. 

The comparative analysis reveals that the hybrid approach provides more accuracy 

compared to DBSCAN, OPTICS clustering algorithms. These two algorithms give good 
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agreement in the Kappa Statistic interpretation whereas hybrid approach provides very good 

agreement, in the Kappa Statistic interpretation. 

It is ascertained that the accuracy is improved for the Hybrid   approach  than the 

DBSCAN, OPTICS methods for the same input parameters 

 
Table1.Kappa statistic for various images 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure3.Comparison of Kappa statistic for various images 

[6]    CONCLUSIONS  

 
 

Images DB 

SCAN 

OPTIC

S 

GRID GRID 

DBSCAN 

GRID 

OPTICS 

Image1 0.629 0.7116 0.752 0.902  0.908 

Image2 0.640 0.732 0.805  0.898  0.92  

Image3 0.638 0.724 0.796  0.855  0.919 

Image4 0.611 0.741 0.809  0.894 0.916 

Image5 0.65 0.728 0.764  0.903  0.92  

Image6 0.661 0.724 0.768  0.880 0.906  

Image7 0.674 0.723 0.759 0.913 0.93  

Image8 0.668 0.737 0.747  0.907 0.931 

Image9 0.681 0.720 0.751  0.911 0.926 

Image10 0.551 0.722 0.822 0.917 0.928 
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The identification of class information is explored substantially by the image 

clustering techniques. Various clustering techniques like DBSCAN, OPTICS, GRID, GRID-

DBSCAN, GRID_OPTICS are implemented in this paper. DBSCAN is more effective for 

identification of clusters in different sizes and shapes. The experimental results show that 

the OPTICS approach gives good performance compared to DBSCAN for the similar input 

parameters. Grid-based clustering approach achieved reduced computational cost than other 

methods. The clustering algorithms mentioned above are compared with hybrid approach 

with respect to accuracy. Due to the latent of the DBSCAN and OPTICS based GRID 

method, it is anticipated that the proposed method for image clustering based on grid 

approach improves accuracy compared to image clustering without grid approach. 

Finally, GRID-OPTICS gives better performance compared to other clustering 

algorithms. The work can be further extended to identify the subspaces that contain clusters 

using the candidate search space to improve the performance.  
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