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DENSITY-BASED CORE-STRUCTURES EXPANSION FOR CLUSTERING DATA
WITH VARYING DENSITIES GREATLY
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University of Electronic Science and Technology of China, Chengdu, China

Abstract. The K-means clustering algorithm as the representation of the partition algorithms is effi-
cient for convex data. Density-based clustering algorithms can be used to solve the nonconvex data,
but they adopt the global threshold value, which makes them perform badly on varying densities. In
particular, the densities of components are very different in datasets. Aiming at these problems, we
propose a Density-Based Core-Structures Expansion algorithm (DBCSE) and use the Density-Based
Core-Structures structured by density searching to replace the represent points of K-means. And we set a
relatively large density threshold to detect the core structures and adopt border expanding way to cluster
relatively low density area so that our algorithm can cluster different density components, arbitrary shape
data, and detect noise. We also conduct experiments on two synthetic datasets and four UCI datasets to
demonstrate our algorithm effectiveness.
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1. INTRODUCTION

The era of artificial intelligence (AI) raises a higher demand for data processing [1, 2]. A
lot of valuable information need to be mining in all kinds of datasets. Clustering algorithms
[3, 4, 5] are efficient tools to divide unlabeled data into some different components according
to the similarity drawn by certain mathematical principles [6, 7, 8]. Clustering was proposed
half a century ago. Since then, various results were obtained. Classification for unlabeled data
is now a hot study in the field of data mining [4, 9]. K-means [10], which is a most fundamental
clustering algorithm, is still one of the most popular and widely used clustering algorithms
due to the efficiency and simpleness. K-means, including its evolutionary algorithms [11, 12],
selects K points as the initial centers (represent points) of each cluster according to a certain
strategy and then assigns all the other points to the center in accordance with the proximity
principle [13, 14]. Then it calculates the mean of each cluster and regard the mean as the new
center points. Repeat the above steps along the direction that the value of the cost function
reduces. The principle decides that K-means just deals with the convex data. DBSCAN makes
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up the shortcoming of K-means for just clustering convex datasets [15, 16, 17] since it takes
advantage of the density to cluster. Observe that it just sets a global density threshold value to
detect the core points and border points. So, it performs badly on the data with varying densities.
Being the same with DBSCAN [18], DPC [19] suffers from the similar problem especially
faced the component density varying greatly. A new approach, Local gap density(LGD) [20],
had recently been proposed to address the problem of varying densities. It is executed on the
basis of K-NN graph. And it considers the average distance, which is from this point to the
all points connected to the point in the K-NN graph as a supplement. By this way, LGD has
the ability to address the problem of varying density to some extent. However, the density is a
relative concept. LGD is still faced with the challenge of varying densities when the densities
of components (clusters) are very different and vary greatly. In a word, LGD cannot detect the
noise.

In this paper, we propose a feasible clustering algorithm, the Density-Based Core-Structures
Expansion (DBCSE), to address above issues. The DBCSE is based on the K-means, the DB-
SCAN, and the LGD. Like K-means, DBCSE also finds the center of each cluster. However, it
is not a point but a block (structure), which is a core-structure containing many points in high
density areas by the density searching way of the DBSCAN and the LGD. In this way, we will
obtain c (c is the number of clusters in a dataset) biggest core-structures, i.e., there will be more
than c core-structures, but we just select the biggest c core-structures as the centers. And we
take these c biggest core-structures as the initial c clusters and mark them. We take the way of
border expansion to fuse the remain points progressively on the principle of proximity. Besides,
the step-length of the border expansion is based on the average weight of the links in the core-
structures to set as the percentage relation. In the end, the points that have not been absorbed by
the expansion process will be considered as noise according to the actual situation. In this way,
we replace the center points with core-structures and use the density algorithm just in high den-
sity areas. Our algorithm absorbs the advantages of density clustering and partition clustering.
Hence, we can obtain better results, and the experiment demonstrates that our density-based
core-structures expansion method can cluster data with varying densities greatly and detect the
noise.

The rest of the paper is organized as follows. We discuss the related works and evaluate them
simply in Section 2. In Section 3, we define a new center structures and progressive assignment
way, and develop a density-based and partition clustering algorithm. In section 4, we performe
some experiments on relevant datasets. Section 5, the last section, concludes with a summary
and some directions for future research.

2. RELATED WORKS

Some well-known clustering algorithms [21, 22, 23] based on partition and density have been
proposed. We select some canonical and closely related works with us and give them a brief
description in this section.

2.1. K-means. K-means finds randomly k points as the initial cluster centers. Then it assigns
the other points to the cluster centers on the principle of proximity. Finally, K-means calculates
the means of every cluster and regards them as the new cluster centers. K-means repeats the
process to obtain the better clustering results. The evaluation criterion of the repetitive operation
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is the objective function

J =
k

∑
i=1

∑
v j∈Ui

∣∣∣∣v j−ui
∣∣∣∣2

2, (2.1)

where k is the total number of clusters, Ui is the point set of a cluster, ui is the centroid of
this cluster, and v j is the any point in this cluster. Limited by the centroid and the principle
of proximity, K-means just clusters the convex data and cannot detect the noise because the
centroid is just a point and it cannot reflect the actual structure of a cluster at all. The original
K-means algorithm has been improved and optimized. For example, Mao and Jain [24] used
the Mahalanobis distance metric to measure the similarity instead of the Euclidean distance. It
extends the data shape from sphericity to hyper-ellipsoid. Another variant algorithm, K-medoid,
replaces the mean with the actual point in this cluster. Compared with K-means, it makes the
cluster more compact. But, it is still subject to this restriction that they cannot deal with the
arbitrary shape data.

2.2. DBSCAN. The DBSCAN generates clusters by a serious of searching from a arbitrary
core point, which is like the expansion of a neural node. This expansion can only proceed if
certain conditions are met, i.e., the density-connected. some relevant definitions are elaborated
in the following.

δ -neighborhood of p: Nδ (p) = {q∈ X |dist(p,q)≤ δ}, where δ is a radius, p,q are the points
in the dataset X , and dist(p,q) is the distance between p and q.

Core point p: |Nδ (p)| ≥MinPts, where MinPts is a threshold value.
Directly density-reachable: A point q is directly density-reachable from a core point p if

q ∈ Nδ (p).
Density-reachable: A point p is density-reachable from a point q if there is a chain of points

p1, · · · , pn, p1 = q, pn = p such that pi+1 is directly density-reachable from pi.
Density-connected: A point p is density-connected to a point q if there is a point k such that

p and q are both density-reachable from k.
DBSCAN clustering algorithm requires users to give the parameters δ and MinPts prior.

Then it starts to cluster from a arbitrary core point and regards it as a seed. Next DBSCAN
retrieve all points, which are density-reachable from the seed to generate a cluster. A cluster is
a set of density-connected points, which is maximal. DBSCAN will find the next core points as
the seed to generate the another cluster till all clusters are found and the points remained points
will be regarded noise.

DBSCAN adopts density links to cluster instead of partition such that it can achieve clus-
tering of arbitrary shape. But it completes the whole clustering process with two global pa-
rameters, which lead that DBSCAN cannot cluster data whose densities of component vary
considerably [25, 26, 27]. As a result, it is also hard to detect the noise for DBSCAN in varying
densities datasets.

2.3. LGD. LGD is a algorithm aiming at data high-dimensional data with varying densities. It
argues the density of a point should not be reflected only by the number of surrounding locations
but includes the average weight of the edges, which link to this point. First, the local density is
defined as follows

ρi =
n

∑
j=1

λ (di, j−dσ ), (2.2)
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where n is the number of points in the dataset, di, j is the distance between pi and p j, dσ is a
threshold, and

λ (d) =

{
1, d < 0,

0, otherwise.
(2.3)

Second, LGD algorithm takes average weight of the edges, which link to this point into
account. It is described as follows

ρ
′
i =
|N k

i |
V̄ k

i
, (2.4)

where N k
i is the set of the points, which are linked to pi in the K-NN graph. By the same token,

|N k
i | is the quantity of points, V̄ k

i = ∑

p j∈N k
i

wi, j/|N k
i | is the average weight of the edges, which

are linked to pi and wi, j = d2
i, j.

Finally, LGD gives the definition of Local Gap Density as

ϕi =
ρ ′i

max{ρ ′j|p j ∈N k
i }

. (2.5)

LGD can cluster data with varying densities, but the concept of density is relative. When
the densities of components (clusters) are very different and vary greatly, it perform badly. The
most important thing is that LGD cannot deal with noise points.

3. DENSITY-BASED CORE-STRUCTURE EXPANSION FOR CLUSTERING

In order to address the ambiguous assignments caused by the global density in the inter-
section of clusters in the datasets with varying greatly density, we propose a Density-Based
Core-Structures Expansion (DBCSE) way on the basis of LGD and K-means. By this DBCBE,
we develop an effective clustering algorithm to process data whose densities of components
(clusters) are very different and vary greatly.

3.1. Density-Based Core-Structure. K-means clustering algorithm takes the mean as the rep-
resentative point of a cluster. However, it is clear that a single point does not reflect the actual
structure of a cluster. We take the advantage of LGD by reinforcing the conditions to construct
the core-structure.

Give a set A = {ei,1,ei,2, ...,ei,k}, whose elements are the edges that point i to its k nearest
points. The maximal edge ei,m(ei,m ∈A ) would influence the local density of point i, specially,
when the points are on the boundary of the clusters. To reduce the influence, we use relatively
stable local density (see 3.1) to substitute local density used by LGD.

Definition 3.1. (Relatively Stable Local Density). The relatively stable local density of point i
is defined as

ρr =
|N k

i \{pm}|
V̄ k−1

i
, (3.1)

where pm is the farthest from point i, and V̄ k−1
i = ∑

p j∈N k
i \{pm}

wi, j/
∣∣N k

i \{pm}
∣∣

In order to see that the relationship of individual and local points more accurately in the data
with the densities of components(clusters) are very different and vary greatly, we normalize the
relatively stable local density in k-neighborhood.
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Definition 3.2. (Complete Local Gap Density). Complete local gap density is the global nor-
malization in the k-neighborhood including the point i itself. The complete local gap density of
pi is defined as

ϕci =
ρri

max{max{ρrn|pn ∈N k
i },ρri}

, (3.2)

where ρrn is the relatively stable local density of point n.

Like LGD, we set a artificial density threshold γ to distinguish the core points and the border
points. Differently, we take the complete local gap density as the measure, so the γ ∈ (0,1] but
LGD is not. Otherwise, finite interval is very helpful for us to find the appropriate threshold.
The operation of the creating core structure is executed in the K-NN graph. To further impact
the core structure, we adopt the stricter conditions to delete these cross-cluster edges.

Definition 3.3. (Ambiguity Cross-Cluster Edges). Let ei, j be the edge connecting point i to
point j in the K-NN graph. The edge ei, j is defined the ambiguity cross-cluster edges when it
satisfies one of the following two conditions

(1)pi ∈B or p j ∈B (The same to LGD);
(2)pi /∈B, p j /∈B,N k

i ∩B 6=∅,N k
j ∩B 6=∅ and wi, j ≥ min{wi,u,w j,v},

where B is the set of border points, and wi,u =min{wi,m|pm ∈N k
i ∩B,w j,v =min{w j,m|pm ∈

N k
j ∩B}.

Now, the enhanced definitions have been introduced and we take advantage of foundation
framework of LGD to create the core structure all the same. The algorithm of creating the core
structure is described as follows.

Algorithm 1 The algorithm of creating the core structure
Input: A dataset X = {xi}n

i=1; the parameters k and γ; the number of clusters c.
Output: c core structures.

1: Build a k-NN graph from X.
2: Calculate complete local gap density of the points in X by (3.2)
3: Detect the core points and border points by comparing all complete local gap density with

γ .
4: Delete the ambiguity Cross-Cluster Edges in the K-NN graph to obtain some subclusters.
5: Put these subclusters in order from the largest to the smallest according the number of their

points.
6: Pick the first c subclusters as the c core structures.

3.2. Expansion of core structures. The expansion process is taking the core structures as the
centers and outspreading in arbitrary directions according to the step-size until some radius.

Definition 3.4. (Expansion step size) C is the set of points and it includes the all points in the
core structures. li is an edge weight in the core structure, which are inherited from the K-NN
graph. The expansion step size is defined as

s =
∑

k
i=1 li

ξ |C |
, (3.3)

where k is the total number of edges, ξ is a coefficient, and ξ = 100,110,120.......
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Definition 3.5. (Expansion radius) The expansion radius is defined as

R = α
∑

k
i=1 li
|C |

, (3.4)

where α is a multiplying factor, and α = 3,4,5......

The vertical distance that the Core-Structures extend outward once is equal to the step size
s, and the distance from core structure to margin is equal to the expansion radius R. They are
decided by the character of the dataset. Experimental results show that the algorithm perform
well when s = 150 and R = 3. When the expansion process is over, the process of clustering
is over too. Every point but noise points will be absorbed by certain core structure. So our
algorithm can denoise and deal with the dataset whose densities of components vary greatly
and some clusters’ margin is very close. The whole algorithm is described as follows.

Algorithm 2 Density-based core-structure expansion for clustering
Input: A dataset X = {xi}n

i=1; the parameters k and γ; the number of clusters c.
Output: Clustering result {Ci}c

i=1.
1: Obtain c core structures by algorithm.1.
2: Expand the core structure as the step size s till the radius R
3: if Point i doesn’t belong arbitrary core structure do
4: Regard point i as a noise.
5: end if

4. EXPERIMENTS

To test the effectiveness of our algorithm, the following datasets were selected for the ex-
periments. We used a biological dataset ecoli, two image datasets gisette and USPS and a text
dataset Vote. To be more precisely, we made two artificial datasets SyntheticNear and Synthet-
icCircle to give a visual analysis. The two artificial datasets can be see in Figure 4.1. We can
see that the densities within a cluster and among the clusters vary greatly and the protruding
parts of the two clusters are very close together in Figure 4.1(a). This is designed to prove that
our algorithm can distinguish the clusters, which are very closed together and cluster the data
whose densities vary greatly. And Figure 4.1(b) is designed to prove that our algorithm can
distinguish the noise on the basis of varying densities. The above datasets are detailed in the
following Table 1. Because our algorithm is based on partition clustering and density clustering,
we select some relevant algorithm such as K-means, DBSCAN, ReCon-DBSCAN, DPC, SNN,
GDL, GDPC, and LGD to compare.

4.1. Parameter setting. Because the result of K-means clustering varies with the initializa-
tion, we chose the one that worked best for comparison. For DBSCAN, we set the param-
eter MinPts ∈ {2,3,5,7,10,15,20,40}, and the setting of parameter ε is as follows. Let D
be the set of the Euclidean distances of pairwise points of the data. We sort the elements
of the D from small to large, i.e., d1 < d2 < d3 < ... < dn2 , where n is the number of the
data. Then, we set ε = dY =(n2 p/100), where Y (.) is the round function, and p is selected from
[1 : 0.2 : 10], namely, p varies from 1 to 10, and each interval is 0.2. For ReCon-DBSCAN,
we set the parameter Ratio ∈ [1 : 0.1 : 2], the parameter threshold ∈ [0.1 : 0.1 : 1], and the
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(a) (b)

FIGURE 4.1. Two artificial datasets: (a) SyntheticNear; (b) SyntheticCircle

TABLE 1. Detailed description of the datasets

Dataset Instances Dimensions Classes
SyntheticNear 687 2 2
SyntheticCircle 5250 2 2
ecoli 336 343 8
gisette 7000 5000 2
Vote 435 16 2
USPS 9298 256 30

setting method of parameter ε is the same with the parameter ε in DBSCAN. For SNN, we
set the parameter k as 15 or 25, MinPts ∈ {3,5,7,9,12}, and ε ∈ {6,8,10}. For GDL, we
set the parameter a ∈ 10[−3:0.5:3]. For DPC, we set the parameter dc like the parameter ε in
DBSCAN. For GDPC, we set k ∈ {3,5,7,10}, λ ∈ {10,40,80} ,and γ ∈ {5,10,20} For LGD,
we set τ ∈ [0.25 : 0.2 : 0.8] and k ∈ {3,5,7,9,10,15}. If the size of the dataset is large, then
k ∈ {10,20,30,40, ...}. The last one is our algorithm, we set the τ and k as the same with LGD,
and set the expansion radius to three times the expansion step.

4.2. Experimental result and analysis. We use datasets SyntheticNear and SyntheticCircle to
verify our algorithm in the form of visualization, and give the accuracy of contrast algorithms.
We use the clustering evaluation metric called clustering accuracy (ACC) to measure the clus-
tering performance. Let qi be the clustering results, and let pi be the true label of xi. ACC is
defined as

ACC =
∑

n
i=1 δ (pi,map(qi))

n
, (4.1)

where δ (x,y) = 1 if x = y; otherwise δ (x,y) = 0.map(qi) is the best mapping function that
permutes clustering labels to match the true labels using the Kuhn–Munkres algorithm. In
clustering, a high ACC means a good clustering result.

We select K-means, DBSCAN and LGD algorithms to give the visualized analysis in Figure
4.2 and Figure 4.3. K-means algorithms can only handle convex datasets, so it failed like Figure
4.2(a)(e). DBSCAN can only handle the uniform densities, so it failed, too. LGD has the ability



8 LEI CHEN

TABLE 2. Accuracy comparison of algorithms

Dataset k-means DBSCAN
ReCon-

DPC SNN GDL GDPC LGD DBCSE
DBSCAN

SyntheticNear 0.422 0.201 0.562 0.466 0.628 0.633 0.706 0.788 0.974
SyntheticCircle 0.208 0.488 0.620 0.562 0.403 0.702 0.703 0.749 0.968
ecoli 0.674 0.606 0.671 0.552 0.700 0.649 0.698 0.765 0.792
gisette 0.401 0.558 0.713 0.505 0.512 0.500 0.784 0.835 0.911
Vote 0.806 0.506 0.701 0.856 0.728 0.623 0.870 0.634 0.876
USPS 0.633 0.322 0.440 0.418 0.499 0.742 0.865 0.942 0.938

to cluster the varying data, but like Figure 4.3(b), LGD choose the K-NN graph of the red area
as the initial cluster instead of the black one. So the black area will be treated as the remained
points. They will be clustered in the next turn of assignment of remained points. But the
assignment of remained points is to cluster points to the nearest high density point (high density
point means the point whose densities is higher than the remained points or they have the same
densities). Because the densities of the black area are only less than the left area and more than
the right area in Figure 4.3(b) and the distance between the black area and the left one is closer
than the one that the distance between the black area and the right area , the black area will be
clustered to the left area. The analysis coincides with the result in Figure 4.3(c). Just to make
the results general, we change the k = 7,τ = 0.48 in Figure 4.3(a)(b)(c) to k = 30,τ = 0.37 in
Figure 4.3(d)(e)(f). The initial cluster situation of the right portion is just the opposite, and the
black area become the initial cluster. But the distance between red area and yellow area is closer
because they have the semblable densities. So the red area is clustered to the yellow area. The
analysis coincides with this result in Figure 4.3(f).

Our algorithm (DBCSE) starts to cluster by building core structures in a high-density area
and expand the core structures to complete the remained clustering. The points which cannot
be clustered by core structures expansion process will be detected noise. Experiments show that
our algorithm is effective on clustering data with varying greatly.

5. CONCLUSIONS

In order to build the core density structures, we reinforce the density conditions of LGD. And
then we take core density structures as the center to expand till all points are clustered. For the
synthetic dataset or the UCI dataset, our algorithm performs better than the others. This also
proves that our improvement is feasible. In the future, we will further investigate how to reduce
the input parameter.
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(a) (b) (c)

(d) (e)

(f) (g) (h)

FIGURE 4.2. Clustering result. (a)(e)k-means; (b)(f)DBSCAN; (c)(g)LGD; (d)(h)OURS
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(a) (b) (c)

(d) (e) (f)

FIGURE 4.3. Analysis of clustering results
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