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ABSTRACT 

The article is based on DBSCAN (Density-Based Spatial Clustering of Applications with Noise). Firstly，through the 

adjustment of the parameters radius Eps and density threshold Minpts, which makes objects with high density in the 

data space formed an initial cluster, while the left objects are classified into a cluster waiting to be evaluated；Then 

according to the proposed clustering method based on gravity-based clustering，selecting K optimal clusters from the 

initial cluster so that all initial clusters can conduct the second clustering in order to form K initial clusters. Finally, 

according to the judgment, the evaluated objects waiting to be classified to the nearest initial class, the clusters come 

to an end. This algorithm decreases cluster results’ over-dependency on parameters; it can adapt different shapes of 

data and greatly improve the accuracy of clustering. 

 

Key words: local density; prior probability; Cluster center. 

1.    INTRODUCTION 

Clustering analysis as a powerful tool for data mining, it is widely used in finance, marketing, information retrieval, 

information filtering, etc. However, due to differences of data types in all walks of life, the common clustering method 

has difficulties in researches. Currently, a large number of clustering algorithm has proposed for different industries. 

Traditionally, it roughly divided into: clustering-based division includes k- average method [1] and k- center 

algorithm[2]; Hierarchical-based Clustering[3] includes aggregate algorithm from low to high and splitting method 

from high to low; density-based clustering[4-5]including DBSCAN (density-based Spatial clustering of Applications 

with Noise) and OPTICS (Ordering Points Identify the clustering Structure); grid-based algorithm includes[6-7] 

STING (Statistical Information Grid); COBWEB is a typical representative for model-based algorithm [8], and fuzzy 

clustering algorithm [9-11]. 

DBSCAN (Density-Based Spatial Clustering of Applications with Noise) regards the cluster as high-density region, 

which separates by lower-density region and the arbitrary shape of clusters can be discovered in "noise" spatial 

database. However, the algorithm performs negatively in low-density regions; in addition, the results of clustering are 

greatly affected by the options of parameters radius Eps and density threshold Minpts. 

 
2.  BASIC CONCEPTS AND PRINCIPLES OF THE ALGORITHM 

According to the no free lunch theorem (NFL), if there without making assumption for specific classification problems 

that it cannot expected that a certain learning algorithm performs better than other learning algorithms, that is, when 

we consider the generalization of machine learning algorithm, if a particular learning algorithm enjoys higher 

prediction accuracy than other algorithms, it only shows that this algorithm is more suitable for a specific problem 

that described by test data. Therefore, each of these algorithms is applicable for its own scope and requirement. 

Firstly, every object forms a group in hierarchical clustering, and then sequentially combined the group with high 

similarities. It will form a clustering of database until all groups combined into one or some terminal conditions are 

satisfied. However, there is no general optimization function in the hierarchical clustering. Therefore, it cannot 

guarantee the results of global optimization and hierarchical clustering with data sensitivity to noise. 

Therefore, this article is based on DBSCAN (Density-Based Spatial Clustering of Applications with Noise). Firstly, 

all objects with directly reachable nuclear density clustered in data space, many high-density regions presented in the 

gathering area what we call the initial cluster. Through the adjustment of the parameters radius Eps and density 

threshold Minpts, which makes objects with high density in the data space formed an initial cluster, while the left 

objects are classified into a cluster waiting to be evaluated, the first clustering completed; Secondly, according to Alex 

Rodriguez, Alessandro Laio proposed "Clustering by fast search and find of density peaks" [12], the author determines 

k-clustering centers in initial clusters. All initial clusters are clustered based on determined clustering center and taken 

the prior distribution of K initial clusters into consideration, the second clustering completed. Finally, according to k-

Nearest Neighbor, the clustering is not finished until the evaluated objects waiting to be classified can be divided into 

each of the nearest initial clusters.  
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A: Relevant concepts 

1. eps : given a set ， ,  is a core point, a specified  as the neighborhood of , and the hunting 

zone of the core point in space are limited by the value of .  

2. Density: given a set ， ， is a core point, a specified  as the radius, and the number of objects in 

neighborhood that is , the density of the object . 

3. ：given a set ， ，the limited value of density and object as the core point. 

4. Core Object：given a set ， ， ，  in the neighborhood of 

object , if  is greater than , which means the number of object  in neighborhood is greater than 

, and the  is core object. 

5. Directly density-reachable：given a set ， , all are core points and object  is in ’s 

neighborhood（object  is in ’s neighborhood）, which a point  is directly density-reachable from . 

6. Density-reachable：given a set ， ， ， ， ，for iP，if 1iP is 

directly density-reachable from iP about and , while for object is density-reachable from  about 

and . 

B: Methods to determine clustering center 

Two quantities need to be calculated for each data point , which including the local density of i  and the distance 

from this point to a higher density point, and the local density of data point  can be defined as: 

 

If 0x  , then ( ) 1x  or ( ) 0x  and cd as a cutoff distance. Local density i equals to the number of points that 

with the distance less than cd .  of data point  is the minimum distance that the point reached to any point with 

greater density: 

 

As for the point with the greatest value of density, we can get . 

C:（PDGCM） 

 Based on later clustering algorithm to determine k-clustering centers, the selected clusters regarded as core clusters, 

the number of each core clusters is , clustering center is . 

  1. Determine the prior distribution of the initial cluster 

； 

2.Calculate centers of gravity in all initial clusters, which set as , to calculate all centers of gravity from 

the clustering centers: , and the article is based on Euclidean distance; 

3. Calculate the core clustering’s gravity to the rest of the initial clusters 

 

  4. For arbitrary initial clusters , in order to calculate , and the objects belong to the 

set with maximum F. 

D: Algorithm description 

1. Calculate the density of all points in all object clusters, ， is the total number of objects;   

2. Find all core objects ， ; 

3. The core objects with density-reachable form initial cluster , and determine the density distribution, 

and ; 
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4. If m within the acceptable range, the clustering finished, Otherwise, continue to the next step; 

5. Calculate the center of gravity in initial clusters , which set as ; 

6. Determine the clustering center  of , which the value of K is the final number of clusters;     

7. Through the law of attraction, the initial clusters finished the second clustering, forming k initial clusters; 

8. According to k-Nearest Neighbor, the third clustering is not finished until the evaluated objects waiting to be 

classified can be divided into each of the nearest initial clusters.  

 

3. THE EXPERIMENTAL RESULTS 

This article takes Iris dataset in UCI database for testing, Iris dataset is consisted of 150 four-dimensional samples, 

which includes sepal Length, sepal Width, petal Length and petal Width Indicator of iris. The entire sample contains 

three iris species including setosa, versicolor and virginica, each 50 samples in per class, the relation between the first 

class and the latter two classesis linearly separable and there is linear inseparability between the latter two classes. 

The results obtained with the results of the PDGCM algorithm comparable with the results of DBSCAN and CFSFDP 

algorithm, the number of mis-classificated samples in PDGCM algorithm is lower than that of other two algorithms, 

specific results are shown in Table 1, the parameter’s note below. 

 

Form 1. The experimental results of PDGCM clusters iris dataset 

Algorithm Average misclassification point Average accuracy rate% 

DBSCAN 

CFSFDP 

PDGCM 

22 

14 

12 

85.33 

90.67 

92.00 

 

Including: 

DBSCAN：MinPts = 3，Eps = 0.4 

CFSFDP：percent = 0.04，dc = 0.3741657，thRho = 5，thDel = 1 

Clustering by fast search and find of density peaks (CFSFDP) 

PDGCM：MinPts = 3，Eps = 0.4，percent = 0.1，dc =0.5203278，thRho = 2，thDel = 0.47 

 

4. CONCLUSION 

The article is based on DBSCAN (Density-Based Spatial Clustering of Applications with Noise). Firstly, high-density 

objects in data space are clustered through the adjustment of the parameters radius Eps and density threshold Minpts, 

which formed K initial clusters in several times in order to reduce over-reliance on the parameters. Secondly, all initial 

clusters are clustered based on determined clustering center and taken the prior distribution of K initial clusters into 

consideration, the twice clustering completed. Finally, according to k-Nearest Neighbor, the clustering is 

not finished until the evaluated objects waiting to be classified can be divided into each of the nearest initial clusters. 

The article is based on the combination of three methods and improved algorithms, which makes full use of advantages 

of an algorithm and avoids drawbacks of each algorithm in order to reduce the impact of parameters on the results, 

which demonstrates the effectiveness of the method through the use of experimental data. In addition, the article also 

adopts gravity-based clustering with a single point gravitating toward a class. Whether the gravity-based clustering is 

more appropriate or not, it needs to study further. 
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