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Abstract—Density based clustering is one of the most tools used in 

clustering data analysis because of it can detect cluster with 

arbitrary shapes and noises. Some methods have been proposed in 

literature such as DBSCAN and density peak clustering.  In 

density peak clustering (DPC), the results may directly depend on 

the method used in density estimation. In this paper, we conduct 

some experimentations with various data set to observe and 

analysis the results obtained by DPC when using some kinds of 

density estimation. 
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I. INTRODUCTION 

Given a data set X = { x1, x2, … , xn } in a space of d-

dimensions; the aim of clustering algorithm is to divide X into 

k groups, called clusters, such that the points in the same cluster 

are similar and the points in different clusters are dissimilar. 

Although clustering analysis has been studied in nearly 70 years, 

it has attracted a lot of attention these days because of the need 

of new adaptation clustering method to real KDD applications.    

Different clustering techniques have been proposed over the 

years such as Centroid-based (such as K-means [1], CLARA 

[2], Fuzzy C-Means [3]), Graph-based (such as SNN [4], 

CHAMELEON [5]), and Density-based (such as DBSCAN [6], 

OPTICS [7]).  

In 2014, Rodriguez and Laio [8], introduced a new density-

based clustering algorithm which based on the peak estimation. 

The main idea of DPC is using an estimation function to detect 

points having high density, those point called peaks. Each peak 

can be seen as a cluster center for each cluster, then the non-

labeled point will be assigned the label as its nearest neighbor 

point that has a higher density. The DPC uses only one loop to 

detect clusters. The results of clusters obtained by DPC highly 

depends on the estimation of local density. The DPC is one of 

the most clustering methods that attract a lot of researches in 

recent years [10-14].   

In order to extensively analyze the performance of DPC 

algorithm, as well as evaluate its advantages and disadvantages, 

in this work, we conduct a range of experiments on UCI and 

Gaussian data sets. From the obtained results, we furthermore 

propose some open research directions for improving the 

algorithm. A technical analysis of an algorithm on real-world 

data sets is also an important thing to be considered in order to 

help experimental researchers decide where it is appropriate 

and which algorithm should be used in a particular data mining 

process. 

II. CLUSTERING BASED ON DENSITY PEAKS 

The idea of density-based clustering is based on the 

observation: points in each cluster have higher densities than 

the surrounding regions. In general, algorithms like DBSCAN, 

OPTIC, or DPC usually use some concepts based on local 

density estimation.  In DPC, for each data point 𝑥𝑖 , we will 

define two factors as follows: the local density 𝜌𝑖  and its 

relative distance 𝛿𝑖. This calculation depends on the distance 

𝑑𝑖𝑗  between the point 𝑥𝑖  and 𝑥𝑗 , for example, we can use the 

Euclidean distance here.    

Firstly, the local density 𝜌𝑖 of a point 𝑥𝑖 is estimated by: 

𝜌(𝑥𝑖) = ∑ ℒ(𝑑𝑖𝑗 − 𝑑𝑐)𝑗#𝑖       (1) 

where ℒ (d) = 1 if d < 0, otherwise ℒ (d) = 0 and a cut-off 

distance value 𝑑𝑐 which represents the neighborhood radius of 

the data point. It can be seen that 𝜌𝑖  denotes the number of data 

points whose distances to the point 𝑖 are smaller than the dc. In 

the case with small data set, we can use the equation follow for 

estimate the local density:  

               
 

Secondly, the relative distance 𝛿𝑖 of the data point 𝑥𝑖  to their 

nearest point 𝑥𝑗 will be defined as the following equation: 
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𝛿𝑖 = {
𝑚𝑖𝑛𝑗(𝑑𝑖𝑗) 𝑖𝑓 ∃𝑥𝑗  𝑠. 𝑡. 𝜌𝑗 > 𝜌𝑖

𝑚𝑎𝑥𝑗(𝑑𝑖𝑗),  𝑓𝑜𝑟 𝑡ℎ𝑒 𝑝𝑜𝑖𝑛𝑡 𝑤𝑖𝑡ℎ ℎ𝑖𝑔ℎ𝑒𝑠𝑡 𝑑𝑒𝑛𝑠𝑖𝑡𝑦
    (3) 

Intuitively, the selection of 𝑑𝑐  has a great influence on the 

correctness of the clustering results. According to [8], 𝑑𝑐 can 

be an adjustable parameter such that average number of 

neighbors is 1-2% according to different datasets.  

After calculating two factors above, the DPC algorithm will 

construct a decision graph. From the decision graph, we can 

choose the points with high values of both 𝜌𝑖  and 𝛿𝑖  called 

peaks, then the cluster center can be identified from those peaks. 

Figure 1 shows an example of a decision graph. Users can select 

directly the peaks in this case. However, how we can choose 

the right number of peaks is also an interesting problem. We 

need more knowledge about the data set/domain before 

choosing peaks.  

In the final step, the non-labeled points are assigned to the 

same cluster label as their nearest neighbor point according to 

the recursive equation:   

(𝑥𝑗)= ((𝑥𝑗))     (3) 

, where (𝑥𝑗) is the label of 𝑥𝑗 and (𝑥𝑗) is the closest point of 

𝑥𝑗 that has greater density.  

 
Figure 1. The decision graph for iris data set 

The DPC algorithm is presented in Algorithm 1. The 

advantage of the DPC algorithm is that it uses only one 

parameter, and the step of assigning label needs to traverse the 

data one time. DPC algorithm can detect clusters of different 

sizes, shapes. However, when it deals with data set having 

different densities, the results of clustering may not correct. The 

main reason is that the peaks do not find correctly. In the figure 

1, the Iris data set with 3 clusters, however, we see that there 

are only 2 peaks candidates. Another factor that can affect the 

results is the definition of local density. If the estimation of 

density is not adapted, the performance of clustering may 
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decrease. In the next section, we will conduct some 

experimentations for this problem. 

Algorithm 1: DPC algorithm; 

Input: a data set X = {𝑥1, 𝑥2, … , 𝑥𝑛}, the cut-off distance 

value dc; 

Output: a partition of X;  

Begin 

1. Calculating 𝜌𝑖, i = 1, 𝑛̅̅ ̅̅̅, using Eq.1 

2. Calculating 𝛿𝑖, i = 1, 𝑛̅̅ ̅̅̅, using Eq.2 

3. Constructing the decision graph based on 𝜌𝑖, and 𝛿𝑖 

4. Selecting peaks from the decision graph by users 

5. For each unlabeled point 𝑥𝑗 in the descending order 

of density, the label of 𝑥𝑗 is assigned using Eq.3. 

6. Detecting outliers [Optional] 

End 

III. EXPERIMENT RESULTS 

A. Datasets 

To evaluate the efficiency of DPC algorithm, we use 6 real-

world datasets from UCI1. These UCI datasets are widely used 

in the research community to compare and evaluate the 

clustering quality. Details of the datasets are given in Table 1. 
TABLE 1. THE EXPERIMENTAL DATASETS 

No. Dataset #Samples #Features #Clusters 

1 Iris 150 4 3 

2 Soybean 214 9 6 

3 Ecoli 336 8 8 

4 Yeast 1484 8 10 

5 Protein 116 20 6 

6 Glass 214 9 6 

 

B. Evaluation Method 

To compare two partitions of clustering, in this paper, we use 

two methods including Rand measure and F-measure [9, 15]. 

Given two partitions P and Q to compare, the idea of these 

methods is based on comparing their common and their 

different sets of pairs. The detail of these methods is shown in 

Table 2 and Table 3.  
TABLE 2. CATEGORIES IN PAIRING CLUSTERED OBJECTS 

 
 

TABLE 3. THE F-MEASURE AND RAND MEASURE 
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C. Results  

The results of clustering used DPC are shown in the table 4. 

We have tried with two methods of local density evaluation as 

mentioned above; the maximum results of 2 method used are 

presented in the table 4. The Rand measure achieved the good 

performance, however the F-measure for Ecoli, Yeast, Protein 

and Glass is quite low. It cans be explained by the fact that those 

data set are highly overlap between clusters. The DPC with 

propagation label method make a lot of errors.   We need further 

research for improving the performance of DPC in this case. 

Moreover, the method that choosing the right peaks needs being 

enhanced.  

TABLE 4. PERFORMANCE OF DPC METHOD 

No. Dataset Rand measure F-measure 

1 Iris 82.4 75.0 

2 Soybean 90.7 80.0 

3 Ecoli 75.8 48.4 

4 Yeast 61.6 25.3 

5 Protein 80.1 36.3 

6 Glass 69.9 32.8 

IV.  CONCLUSIONS 

In this paper, we have conducted some experimentation used 

DPC method. The aim is to evaluate the performance of DPC 

using two kinds of local density estimation. Although the DPC 

has obtained some good results, however some problem needs 

to be studied as follows:  

• DPC do not work well if the data set has some overlap 

clusters. 

• The method for choosing peaks should improve. If the data 

set has different densities, DPC will make some mistakes.  

We also propose some direction research in near future such as 

building hybrid method for DPC, i.e., combining DPC with 

some optimization methods, or develop some kind of semi-

supervised DPC clustering algorithms. 
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