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Abstract. Clustering by fast search and find of density peaks is a new kind of density-based 
clustering algorithm, which can find the cluster center quickly and accurately by assuming that the 
cluster center has a high local density and is far away from other cluster centers. However, this 
clustering algorithm still has limitations in the non-central node allocation strategy and identifying 
anomalies. We improve on this algorithm and propose the NN-DPC algorithm with a new non-central 
node allocation strategy that does not rely on the cut-off distance and a method for identifying noise 
nodes. The experimental results show that the NN-DPC algorithm is more applicable and can identify 
noise nodes more accurately than the original clustering algorithm. 
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1. Introduction 

Unsupervised learning, a kind of machine learning technique, can be used to discover patterns in 
data. The data used by the unsupervised learning algorithms are not labeled, which means that only 
the input variable X is provided and there is no corresponding output variable. In unsupervised 
learning, the algorithm discovers meaningful structures behind the data. 

Clustering belongs to unsupervised learning. It divides objects into subsets or clusters according 
to the similarity measure of objects (physical or abstract), so that the objects within the cluster have 
a high degree of similarity and that the objects belonging to different clusters have a high degree of 
dissimilarity [1]. In the era of information explosion, the data become diverse and scaled, so the 
clustering analysis algorithm has still been an important research topic. Clustering analysis is fully 
utilized in many fields such as economics, bioinformatics, medicine [2-4], etc. However, due to the 
diversity of data, it is difficult to find a clustering algorithm that can be applied at all the time. 

Traditional approaches in clustering can be broadly categorized into hierarchical, partitioning, 
density-based, model-based, grid-based [5], and soft-computing methods. Density-based clustering 
methods can find clusters with various shapes and sizes in noisy data. The density-based clustering 
algorithm DBSCAN [6] can be applied to data with different shapes and has strong anti-noise ability, 
but for variable density clusters and high-dimensional data, the clustering results are very poor. In 
addition, how to select the parameter is still a problem face to DBSCAN. 

In 2014, Rodriguez et al. designed a new clustering algorithm called cluster by fast search and find 
of density peaks (DPC) [7]. Compared with the traditional clustering algorithms, DPC is simpler and 
easier to understand. It can find the cluster center quickly. At the same time, the algorithm shows 
good clustering effect on most data. In just a few years, DPC algorithm has been widely used in 
computer vision, image recognition, text mining, and other fields [8-10]. 

Although the DPC algorithm has some obvious advantages over other clustering algorithms, it still 
has some shortcomings [11]. One of them is that the allocation strategy is highly affected by the cut-
off distance and the fault tolerance is poor. Anomaly detection is another limitation. Anomaly 
detection is a problem in which data is found to be in a pattern that does not conform to the expected 
behavior. The importance of anomaly detection is due to the fact that anomalies in the data will be 
translated into important (usually critical) operational information in various application areas. 

In order to solve the above shortcomings, this paper proposes an algorithm called density peak 
clustering algorithm based on the nearest neighbor (NN-DPC). We propose a new allocation strategy 
to solve the classification sensitivity, and propose a new abnormal data point detection method to 
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overcome the shortcomings of the DPC boundary determination algorithm and identify the noise 
nodes more accurately. 

The rest of this paper is organized as follows. In section 2, we introduce the basic peak density 
clustering algorithm. In section 3, the improved peak density clustering algorithm will be elaborated. 
In section 4, we compare the performance of our algorithm with other traditional clustering algorithms 
on synthetic dataset. In section 5, we summarize this paper. 

2. Density-based Clustering Algorithm 

The DPC algorithm is a new clustering algorithm based on density peaks and distance. It mainly 
uses two parameters, local density ρ and the distance to higher density data points δ, and provides 
two methods for calculating the local density of data points, the cut-off kernel method and the 
Gaussian kernel method. For a data point i, its local density ρi can be calculated by the following 
formula (1) and (2). 

ρ =∑ 	      X d
1, d 0
0, d 0                   (1) 

 
where dij represents the distance between the two nodes i and j. dc is the only input parameter 

called cut-off distance, which is defined as the value at 2% of the distances. ρi represents the number 
of nodes that distance to node i is less than dc. 

 

ρ =∑ е 			                                 (2) 
 

In addition, the DPC algorithm also defines a variable δi, which represents the distance from the 
node i to the nearest neighbor node j whose density is greater than the node i. δi is defined as equation 
(3). 

 
																										 		∃		 			 	

max 									 	 ∈ 	 	
                  (3) 

 
The main idea of the algorithm is that based on the definition of the cluster center, it is based on 

the following two assumptions: (1) The cluster center itself is very dense, that is, it is surrounded by 
neighbors with low local density; (2) The distance between the cluster center and other cluster center 
is relatively larger.So we can calculate ρ and δ for each data point, ρ is the abscissa, δ is the ordinate 
to draw all the data on the plane, and select the point with larger ρ and larger δ as the cluster core. 
Then divide the non-center into different clusters in turn. Eventually, all nodes are divided into 
different clusters.  

After that, the DPC algorithm defines a boundary region for each cluster. The nodes in the 
boundary region are defined as nodes whose distance to other cluster is less than dc. In the boundary 
region node of each cluster, the density of largest node is defined as the critical density ρb. The node 
whose density in the cluster is larger than ρb is considered to be the core node of the cluster, and the 
node whose node density is smaller than ρb is considered to be the noise node. 

3. NN-DPC 

The clustering strategy for non-central nodes in the DPC algorithm is to traverse the non-central 
nodes in order of local density and divide the nodes into the nearest cluster whose local density is 
larger than it. Such distribution strategy is sensitive to cut-off distance and fault-tolerant. Therefore, 
if a data point is assigned incorrectly, the subsequent allocation will further amplify the error and lead 
to more errors, which will have a heavy negative impact on the clustering results. This paper proposes 
a new classification strategy which selects the edge satisfying the following condition: i ∈ S, j ∈
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V S and D[i][j] is the smallest, where S is the set of classified nodes and V is the set of all nodes, 
D represents the distance from node i to node j. Add j to S, and mark j as the same cluster as i, this 
process continues until S V. Using a new clustering strategy can classify samples into different 
clusters without cut-off distance, so the new clustering strategy is more accurately. 

As for the noise nodes, the DPC algorithm is based on two assumptions: (1) the central node 
density is large; (2) the central node is farther away from other central nodes. These two assumptions 
don’t take into account the noise nodes, so the DPC algorithm can’t recognize the noise nodes more 
accurately. We propose two supplements, with the first one is that the noise node has a smaller density 
and the other one is that the noise node has a larger distance to a node near it. In order to better identify 
the noise nodes, this paper defines a parameter λ=k/ρ to filtrate the noise node where ki is the total 
distance from the node i to the adjacent nodes and ρ indicates the density of the nodes. So those nodes 
with a large value of λ are noise nodes. Based on the above assumptions, the proposed algorithm can 
classify samples into different clusters and identify noise nodes more accurately. 

The implementation process of the NN-DPC algorithm is as follows: 
Step 1 Identify cluster centers 
1.1 Calculate the distance matrix; 
1.2 Calculate the density ρ and δ of each node; 
1.3 draw the central point decision map with ρ and δ as the horizontal and vertical coordinates, 

and select the central node; 
Step 2 dividing the non-central nodes into corresponding clusters; 
2.1 find the smallest D[i][j] the node i is a classified node and the j is an unclassified node; 
2.2 add the node i into the cluster of node j 
2.3 repeat 2.1 and 2.2, until all of the nodes are classified 
Step 3 Identify noise nodes 
3.1 calculate the total distance ki from each node to its neighboring nodes, and calculate the value 

λ of each node  
3.2 sort the λ from small to large, draw the noise node decision map and select the noise node; 
3.3 Mark the noise nodes in the cluster to get the final clustering result. 

4. Experimental Results 

In order to verify the performance of NN-DPC, we will compare it with the DPC algorithm, k-
means algorithm, and DBSCAN algorithm under different datasets. 

4.1 Datasets 

we use classical synthetic datasets to test the performance of the clustering algorithms. The 
properties of datasets are as follows. 

 
Table 1. Synthetic datasets features 

Dataset Objects Attributes Clusters 
Flame 240 2 2 
Spiral 312 2 3 

Fig2_panelB 4000 2 5 

4.2 Results and Discussion 

Firstly, we run the NN-DPC algorithm on the flame dataset and the spiral dataset, and get the 
results in Fig. 1. Then, we compare it with various clustering algorithms on different datasets and see 
results in Fig. 3 and Fig. 4. 
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Fig. 1 The clustering results of the NN-DPC algorithm on the flame and spiral dataset. The black 
nodes in Fig. 1(a) represent the noise nodes, and the blue and red nodes represent two different 

clusters. In Fig. 1(b), yellow, blue, and red nodes represent three different clusters respectively, and 
no noise nodes exist. 

 
As we can see from Fig. 1, the NN-DPC algorithm has a good performance on clusters with 

different shapes. However, when using the DPC algorithm to process the two datasets, although the 
same clustering effect can be observed, the calculation value of the DPC cut-off distance should be 
7% and 2% of the distance. If we use the parameter of 2% distance on both of them, we will get the 
result in Fig. 2. When dc takes 2%, our algorithm can achieve such a result. As result, our algorithm 
is more stable in the choice of parameters. 

 

 
Fig. 2 The clustering results produced by the DPC algorithm with the parameter dc which is defined 

as the value at 2% of the distances. 
 

 
Fig. 3 Different clustering results produced on the flame dataset. The black nodes in the pictures are 

noise nodes, and the other colors are cluster nodes. 
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Fig. 4 Different clustering results produced on the flame dataset on the fig2_panelB dataset. The 

black nodes are noise nodes, and the other colors are cluster nodes. 
 

Through Fig. 3 and Fig. 4, we can find out that the DPC algorithm can accurately determine the 
number of clusters, and it also can be applied to data of different shapes. However, the algorithm 
can’t identify the noise nodes accurately, and it is easy to divide the core nodes into noise nodes. The 
k-means algorithm can’t determine the number of clusters and can’t be applied to non-spherical data.  
The DBSCAN algorithm can get a good clustering result, but it is greatly affected by the parameters, 
and the parameters are difficult to determine. The NN-DPC can recognize different shapes from data, 
determine the number of clusters, and identify the noise nodes more efficiently so it is a better 
clustering algorithm. 

In summary, the NN-DPC algorithm is more stable in selecting the dc, which is suitable for datasets 
with different shapes and can distinguish the noise nodes more accurately. Therefore, the NN-DPC 
algorithm proposed in this paper is more excellent. 

5. Summary 

The clustering strategy of the DPC algorithm does not identify the noise nodes accurately. In order 
to address the above deficiencies, this paper proposes NN-DPC algorithm with a new clustering 
strategy to avoid the variation caused by the cut-off distance and it is more stable than DPC. At the 
same time, a new noise node identification method is proposed, which can identify the noise nodes 
more accurately. However, there still has a problem within the NN-DPC algorithm. The judgment of 
the noise node contains human factors, and the algorithm does not perform well for clustering data 
with different densities. Therefore, we will mainly solve these two problems in the follow-up study. 
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