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A Novel Cluster Validity Index
Based on Local Cores

Dongdong Cheng™, Qingsheng Zhu, Member, IEEE, Jinlong Huang, Quanwang Wu

Abstract—1t is critical to evaluate the quality of clusters
for most cluster analysis. A number of cluster validity indexes
have been proposed, such as the Silhouette and Davies—Bouldin
indexes. However, these validity indexes cannot be used to
process clusters with arbitrary shapes. Some researchers employ
graph-based distance to cluster nonspherical data sets, but the
computation of graph-based distances between all pairs of points
in a data set is time-consuming. A potential solution is to select
some representative points. Inspired by this idea, we propose
a novel Local Cores-based Cluster Validity (LCCYV) index to
improve the performance of Silhouette index. Local cores, with
local maximum density, are selected as representative points.
Since graph-based distance is used to evaluate the dissimilarity
between local cores, the LCCV index is effective for obtaining
the optimal cluster number for data sets containing clusters with
arbitrary shapes. Moreover, a hierarchical clustering algorithm
based on the LCCYV index is proposed. The experimental results
on synthetic and real data sets indicate that the new index
outperforms existing ones.

Index Terms— Clustering analysis, clustering validity index,
hierarchical clustering, local cores.

I. INTRODUCTION

LUSTER analysis aims to divide objects into different

clusters on the basis of some similar criteria so that
objects in the same cluster are as similar as possible and
objects in different clusters are as distinct as possible. As an
important unsupervised learning method, cluster analysis has
been widely applied to learning systems, pattern recognition,
image processing, and statistics [1]. Clustering algorithms
can be roughly classified into partitioning clustering, density-
based clustering, and hierarchical clustering. The basic idea
of a partitioning method is to partition the data set into
clusters, such as K-means [2] and K-centers [3]. To avoid
initializing cluster centers, some novel center-based cluster-
ing algorithms [4]-[8] are proposed. Density-based clustering
(e.g., DBSCAN [9]) assumes that clusters are dense regions
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separated by sparse regions so that it can discover clusters with
arbitrary shapes. In contrast, hierarchical clustering builds a
cluster hierarchy for the data set and obtains various clusters
via agglomerative or divisive approaches [10]. Although a
cluster hierarchy offers more information than that of a single
partition, analyzing the hierarchies and obtaining the best
partition from a number of clustering results is a difficult task.
A novel approach [11] was proposed to solve the problem of
multiple solutions in hierarchical clustering.

Clustering validation, which is used to evaluate the quality
of clustering results [12], plays an important role in cluster
analysis. Therefore, the research on clustering validation is
important for learning systems. There are two main categories
of clustering validation: external clustering validation and
internal clustering validation. The main difference is whether
the external information is used. Since external validation
measures must know the true class labels in advance, they are
mainly used for choosing an optimal clustering algorithm for
a specific data set, whereas internal validation measures can
be used to choose the best clustering algorithm as well as the
optimal clustering results without any additional information.
In the literature, numerous internal clustering validation mea-
sures have been proposed, such as the Calinski—Harabasz (CH)
index [13], the Davies—Bouldin (DB) index [14], the standard
deviation (SD) index [15], and the Silhouette index [16].
However, these indexes are only effective for data sets con-
taining spherical clusters. The synchronization-based cluster-
ing algorithm Sync [17] employed the minimum description
length (MDL) principle to select the best clustering results,
but MDL is not effective for evaluating clusters with multiple
patterns. To handle data sets containing clusters with arbitrary
shapes, some novel internal cluster validity indexes have
been proposed. A grid-based distance was proposed in [18]
to improve the effectiveness of existing validity indexes.
Liu et al. [19] presented a new clustering validation index
based on nearest neighbors (CVNN index). The compact-
separated proportion (CSP index) based on the agglomerative
hierarchical algorithm was proposed in [20]. However, these
measures are only effective for well-separated clusters.

To evaluate the quality of arbitrary-shaped -clusters,
we employ graph-based distance to measure the dissimilar-
ity between objects. However, computing the graph-based
distances between all pairs of points in a data set is time-
consuming. A potential way is to select representatives and
only compute the graph-based distance between them. Inspired
by this idea, we propose a new internal clustering validation
index in this paper, named the Local Cores-based Cluster
Validity (LCCV) index, which is effective for evaluating
arbitrary-shaped clusters. Local cores, with local maximum
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density, are selected as representatives. The LCCV index
employs graph-based distance to evaluate the dissimilarity
between local cores and improves the performance of the Sil-
houette index. Moreover, the new index can evaluate the clus-
tering results of data sets with multiple structures. Applying
the new index, a new hierarchical clustering algorithm based
on LCCV (HC-LCCV) is proposed. Experimental results show
that the LCCV performs well when evaluating clusters with
arbitrary shapes.

The rest of this paper is organized as follows. Section II
presents the related work. Section III introduces a new neigh-
bor concept called natural neighbor and Section IV proposes a
new validation index. A novel hierarchical clustering algorithm
based on the new validation index is described in Section V.
Experimental results on synthetic and real data sets are pre-
sented in Section VI. A discussion of LCCV is included in
Section VII. Finally, the conclusions and future work are
provided in Section VIIIL.

II. RELATED WORK

In this section, we review the literature on hierarchical clus-
tering algorithms and internal cluster validity indexes in turn.

A. Hierarchical Clustering Algorithms

In accordance with bottom-up and top-down strategies,
hierarchical clustering algorithms are divided into agglomera-
tive and divisive methods. Agglomerative methods [21], [22]
start with each point forming its own cluster and obtain a
hierarchy by successively merging clusters, whereas divisive
methods [23] begin with a single cluster containing all the
points and proceed by iteratively splitting the clusters.

There are also algorithms that integrate partitioning
methods with hierarchical methods [24]-[27]. In general,
these algorithms first divide the data set into several clusters
using partitioning methods, and then construct a hierarchical
structure by merging these clusters. Balanced iterative
reducing and clustering using hierarchies [24] partitions the
data set into many small clusters with clustering feature-tree
and then applies a global clustering algorithm on those clusters
to achieve the final results. Cohesion-based self-merging [25]
first uses K-means to partition the data set into several clusters
and then continuously merges them based on cohesion in a
hierarchical manner. K-means and agglomerative [26] applies
K-means to the data set and each cluster is represented
by its centroid; then, agglomerative approaches are applied
on those centroids to build the final clustering hierarchy.
Chameleon [27] produces clusters through two steps. First,
it uses a graph structure to represent objects and employs a
high-quality graph-partitioning algorithm, hMetis, to partition
this graph into clusters. Then, Chameleon repeatedly merges
the initial clusters showing the highest similarities by
comparing clusters.

B. Internal Clustering Validation Indexes

The internal cluster validity indexes aim at quantitatively
assessing a partition based solely on the data set and the
cluster labels. Since the goal of clustering is to make objects
in the same cluster similar and objects in different clusters

distinct, most measures assume that the clusters should be
as compact and separated as possible, such as the CH [13],
DB [14], SD [15], and Dunn [28]. The CH index evaluates
clustering results based on the average between- and within-
cluster sum of squares. The DB index first computes the sim-
ilarity of each cluster by maximizing the similarities between
a cluster and all others, and then obtains the average cluster of
similarities as the index. The smaller the index is, the better
the clustering result. The idea of the SD index is on the basis
of the average scattering and the total separation of clusters.
The Dunn index uses the minimum pairwise distance between
objects in different clusters as the intercluster separation and
the maximum diameter among all clusters as the intracluster
compactness. These indexes take the means of the objects as
the cluster centers, and they are not suitable for evaluating
nonspherical clusters. The Silhouette index [16] evaluates the
clustering results by averaging the cluster validity of a single
sample, which may ignore the common characteristics of all
objects.

Some research focuses on determining the optimal number
of clusters in hierarchical clustering by defining new cluster-
ing validity indexes [10], [29], [30]. Gurrutxaga et al. [10]
proposed a new clustering validity index called context-
independent optimality and partiality to find the best partition
in hierarchical clustering.

Recently, some new indexes have been proposed.
Guo et al. [31] proposed a novel cluster validity index
for categorical sequences. Marian et al. [32] employed
generalized self-organizing maps to automatically determine
the number of clusters and their multiprototypes.

Some indexes are proposed to address nonspherical clusters.
MDL [17] exploits the regularities in data described by a
clustering model for effective data compression. The clustering
model with MDL is selected as the best clustering result.
A density-based measure [33] is done by minimizing the
SD of the minimum spanning tree distances of a cluster as
the homogeneity measure, and minimizing the number of
neighborhoods that mix patterns from different clusters as the
separateness measure. CVNN [19] introduces a new separation
based on the concept of nearest neighbors. This measure
can dynamically select multiple objects as representatives for
different clusters in different situations. CSP [20] employs the
average weight of a minimum spanning tree in one cluster
as the intracluster compactness c¢d and the minimum distance
between the objects in one cluster and the objects in other
clusters as the intercluster separation sd. Then, CSP defines
the clustering dispersion degree as the difference of sd and cd
and the clustering synthesis degree as the sum of sd and cd.
Finally, the ratio of the clustering dispersion and the clustering
synthesis degrees is the CSP index. This index evaluates
the clustering results and determines the optimal number of
clusters with arbitrary shapes. Nevertheless, these measures
are only effective for well-separated clusters.

III. NATURAL NEIGHBOR

Let dist(x,y) be the Euclidean distance between
points x and y. In the Data Set X, point o is the kth nearest
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neighbor of point p. The definitions of k nearest neighbors
and reverse neighbors can be given as follows.

Definition 1 (k Nearest Neighbors): The k nearest neighbors
of point p are a set of points x in X with dist(p,x) <
dist(p, 0), i.e., NNx(p) = {x € X|dist(p, x) < dist(p, 0)}.

Definition 2 (Reverse Neighbors): The reverse neighbors of
point p are a set of points x that consider p as its k nearest
neighbor, i.e., RNN(p) = {x € X|p € NNy(x)}.

Natural neighbor [34] is a new neighbor concept. Compared
with k nearest neighbors, this approach does not need to set
any parameters and is a self-adaptive neighborhood method.
The natural neighbor is inspired by friendship in human
society: the friendship between two entities should be mutual.
The key idea of natural neighbor is that points lying in sparse
regions should possess a small number of neighbors, whereas
points lying in dense regions should possess a large number
of neighbors.

The formation of natural neighbor is achieved as follows:
continuously expand the neighbor searching range r, and every
time, compute the number of reverse neighbors for each point.
When one of the following two conditions are satisfied: 1) all
points have reverse neighbors and 2) the number of points
without reverse neighbors does not change, we say that it
reaches a natural stable state. The searching range r at this
moment is the natural characteristic value 4. Formally, 4 is
obtained by

4 = min {r (Zf(nb,(i))) =0 or

i=1

n

> fub (i) = Zf(nbr_m)] (1)

i=1 i=1

where r is initialized with 1. nb, (i) is the number of point i’s
reverse neighbors in the rth iteration (note that nb,(i) > 0)
and f(x) is defined as follows:

f(x)z{l, ifx =0 o

0, otherwise.

The detailed algorithm is shown in Algorithm 1. In each
iteration, we search the r-nearest neighbors for each point,
and count the number nb,(p) of p’s reverse neighbors. Then,
we determine whether the terminal condition is met: 1) all
points have reverse neighbors, i.e., the number of points
without reverse neighbors (i.e., nb,(p) = 0) is zero and 2) the
number of points without reverse neighbors (i.e., nb,(p) = 0)
is the same in two successive iterations.

The value of nb; (i) is larger for points in dense regions
than for those in sparse regions, which is a good reflection of
local point characteristics. Therefore, we regard nb, (i) as the
number of point i’s neighbors.

Definition 3 (Undirected Saturated Neighbor Graph):
If point p is among the A nearest neighbors of point ¢, then
there will be an edge between p and ¢, and vice versa.

Definition 4 (Directed Saturated Neighbor Graph): If point
p is among the A nearest neighbors of point ¢, then there will
be an edge from ¢ to p.
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Algorithm 1 NaN-Searching
Input: X (the data set)
Output: A, LN
Initializing: r=1, nb(i)=0, count(1) = N, NNo(i) = ¢,
RNNy(i) = ¢;
while true do
for each data point x in X do
Find the r-th neighbor y of x;
nb(y)= nb(y)+1;
NN, (x)= NNr—1(x) U {y};
RNN;(y)= RNN,—1(y) U {x};
end
nb, = nb;
count (r)=length(find(nb,=0));
if count(r) =0 or count (r) == count(r — 1) then
| Break;
end
r=r+1;
end
A=r;
for each data point x in X do
| LN(x) = NNy, (x);
end

IV. LocAL CORES-BASED CLUSTERING VALIDITY INDEX

The Silhouette index does well in evaluating spherical clus-
ters, but it is unable to address nonspherical clusters. To solve
the problem faced by the Silhouette index, we introduce
graph-based distance to calculate the distance between points.
However, it is time-consuming to calculate the graph-based
distances between all pairs of points in a data set. A potential
way is to select representatives from the data set and then
calculate the graph-based distance between the representative
points. Inspired by this idea, we propose a local cores-based
cluster validity (LCCV) index, which calculates the local
density and selects local cores from the data set. After that,
it calculates the graph-based distance between local cores, and
finally, it employs the new distance to improve the Silhouette
index.

A. Local Density

The density of points in a dense region is usually larger
than that in a sparse region. That is, the sum of the distances
between a point and its neighbors in a dense region is usually
smaller than that in a sparse region. STclu algorithm [35]
employs k nearest neighbors to compute the local density
k-density and proves that the k-density performs better in
cluster center detection than e-density [5], [9] does. In this
paper, natural neighbor-based local density is defined in a
similar way. The natural neighbor-based local density of point

i is defined as
u

S dist(, j)

JENN, (i)

p(i) = 3)

where u is the maximum value of nb;. NN, (i) represents
the u nearest neighbors of point i, and dist(i, j) is the
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Euclidean distance between points i and j. Different from the
STclu algorithm, natural neighbor-based local density does not
need to set parameter k, and the formation of natural neighbor
helps find the appropriate parameter k.

B. Local Cores

In [7], local representatives were proposed to represent the
data sets. Local representatives are points with local maximum
density among the A nearest neighbors. Since each point
takes the same number of neighbors into consideration, local
representatives cannot well represent the local features of the
data set. In this section, local cores are introduced to represent
the data set. The detailed definitions are as follows.

Definition 5 (Local Neighbors): For each point p,
the nb,(p) nearest neighbors are defined as its local neigh-
bors (LNs).

Different from k nearest neighbors, LNs mean that different
points have different number of neighbors. Points in dense
regions have more neighbors than those in sparse regions.

Definition 6 (Representative): If the density of point ¢ is the
maximum in the LNs of point p, then g is the representative
of p and its LNs, and we denote it as Rep(p) = ¢.

According to the definition, a point may have two or more
representatives. In this case, they compete for being the
representative of the point, and the representative competition
rule (RCR) is defined as follows.

Representative Competition Rule: For point p, there are
two candidate representatives R; and R», then Rep(p) =
arg minge(g, g,y {dist(p, R)}, which means that the represen-
tative closest to point p will be the final representative of p.

If the representative of point p is g, and the representative
of ¢ is r, then the representative of point p will be changed
to r. We call it the representative transfer rule (RTR) which
is defined as follows.

Representative Transfer Rule (RTR): If Rep(p) = ¢ and
Rep(g) = r, then Rep(p) =r.

Definition 7 (Local Core): A point p is a local core if
Rep(p) = p.

Local cores are points with local maximum density. Each
local core becomes the initial cluster center. The rest of the
points is assigned to the cluster that their representatives
belong to. The local cores searching algorithm (LORE) is
detailed in Algorithm 2, where Rep(p) is the representative
of point p, and localCores(n;) is the n;th local core. Fig. 1
shows the LORE results for a data set. The red star points are
local cores found by LORE, and then the data set is divided
into two clusters according to the local cores.

C. Graph-Based Distance Between Local Cores

To capture the intrinsic geometric features of a data set,
we use the geodesic distance as a dissimilarity measure
between two points. However, in clustering settings, the exact
geodesic distance between two points usually cannot be
obtained directly, because we have no prior information about
the underlying manifolds [36]. Nevertheless, as pointed out
in [37], if a data set has sufficient points sampled from the

Algorithm 2 LORE
Input: LN (the local neighbors of each point), p (the
natural neighbor-based density of each point)
Output: [ocalCores (the local cores), Rep (the
representative of each point)
Initializing: Rep=¢, localCores=¢, cl=¢;
for each point x in the data set do
Find the point y with the maximum density in LN (x);
for each point p in LN (x) do
if Rep(p) == ¢ then
| Rep(p) =y;
end
if Rep(p) # ¢ and Rep(p) # y then
| Determine Rep(p) according to RCR;
end
for each point z in the data set do
if Rep(z) == p then
| Determine Rep(z) according to RTR;
end
end
end
end
n; = 0; //The number of localCores;
for each point x in the data set do
if Rep(x) == x then

n=n;+1;
localCores(n;) = x;
end
end
23
22
2
20
19
18
17
16
156 g 10 12 14 186 W‘E 20 22 24
Fig. 1. Points are assigned to their representatives, and the red star points

are local cores found by the LORE algorithm.

manifold, then the graph-based distance will be a good approx-
imation of the geodesic distance. Given a graph, the graph-
based distance between two points is defined as the shortest
path connecting them. Yang et al. [38] and Jia et al. [39]
construct the k-nearest neighbor graph and weight the edges
by density sensitive distance instead of the Euclidean distance
to calculate the shortest path between two nodes. Tu et al. [36]
also exploit the k-nearest neighbor graph and the edges are
weighted by a Gaussian kernel function. In this paper, we also
construct a graph on the original data set and weight the edges
by the Euclidean distance. The Dijkstra algorithm is employed
to compute the shortest path. To avoid setting parameters and
the influence of noise points, the graph we used is the directed
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saturated neighbor graph (DSNG) (refer to Definition 4). The
graph-based distance between local cores is defined as follows.

Given a graph G = (V, E), let P = {p1, p2, i, Pm} repre-
sent the shortest path from p1 (v;) to pp (v;), (pk, px+1) € E,
1 <k < m. Then, the graph-based distance between points v;
and v; is computed as

m—1
D(i, j) = dist(pr, prr1) )
k=1
where pr and pj4; are the points along the shortest path P.
When there is no path between two points, their graph-based
distance is set as the maximum value of all shortest paths.

D. LCCV Index

Given a Data Set X containing n objects, and a local
core i € X, let A denotes the cluster to which it has been
assigned, and let n;(A) denote the number of local cores in
cluster A. The average graph-based distance between local
core i and other local cores in A is a(i), ie., a(i) =
(1/n1(A) — 1) ZjeA,j# D(i, j). The average graph-based
distance between local core i and the local cores in another
cluster C is d(i, C), iee., d(i, C) = (1/m/(C)) X ;cc DG, ).
After computing d (i, C) for all clusters C (C # A), we select
the smallest one (the cluster with the smallest value of d(i, C)
is the second best choice for i) and denote it by b(i) =
mincxa{d(i, C)}. Thus, the LCCV value of local core i is
defined as

b(i) —a(i)
max{b(i), a(i)}

When cluster A contains only a single local core i, we sim-
ply set LCCV (i) to zero referring to [16]. From the above-
mentioned definition, we can see that the range of LCCV (i)
is (=1, 1). It is obvious that a larger value of LCCV (i)
indicates a higher correctness of assigning local core i to
cluster A. The average LCCV value LCCYV is defined as

. 1 <
LCCV = = > (LCCV(i) x n;) (6)
e

LCCV (i) = 5)

where n; is the number of local cores and n; is the number
of points whose representative is local core i. A larger value
of LCCYV indicates a better clustering result.

260 280 300 320 160 180 200 220 240 260 280 300 320

Analysis of the LCCV index. LCCV index with (a) four clusters, (b) three clusters, and (c) two clusters.

TABLE I
GRAPH-BASED DISTANCE FROM R2 TO OTHER LOCAL CORES

R1 R2 R3 R4 RS

R2 2325 0.00 10.21  10.82 1491
R6 R7 R8 R9
R2 2325 2325 2325 2325

E. Analysis of the LCCV Index

When a local core, i, is well classified, b(i) will be much
greater than a(i), leading to a larger value of LCCV(i). The
range of LCCV (i) is (—1, 1). When the value of LCCV(i) is
close to 1, it means that the intracluster graph-based distance
a(i) is much smaller than the smallest intercluster graph-based
distance b(i). Therefore, we can say that i is well clustered.
When LCCV (i) is approximately zero, it means that a(i) and
b(i) are approximately equal, and hence, it is not clear at all
which cluster should i be assigned to. The worst situation takes
place when LCCV (i) is close to —1, which tells us that a(i)
is much larger than b(i). It seems much more reasonable to
assign i to the second-best cluster, so we can say that i has
been misclassified. To conclude, LCCV (i) measures how well
local core i has been classified.

To better explain the LCCV index, we give a simple
example, as shown in Fig. 2. The red points are local cores.
The shortest paths from R2 to other local cores are shown
in the figures. The graph-based distances between R2 and
other local cores are shown in Table I. Since there is no
path from R2 to R1, R6, R7, R8, and R9, their graph-based
distances are set as the maximum value of the computed
graph-based distance. In Fig. 2(a), there are four clusters and
clusters C2 and C3 are close to each other. According to
the definition, the average graph-based distance between R2
and other local cores in the same cluster C2 is a(R2) =
D(R2, R3) = 10.21, and the smallest average graph-based
distance between R2 and the local cores in another cluster
(i.e., cluster C3) is b(R2) = (D(R2, R4) + D(R2, RS))/
2 = 12.86. Thus, we have LCCV(R2) = 0.21. In Fig. 2(b),
clusters C2 and C3 are merged. The average graph-based
distance between R2 and other local cores in the same cluster
C2 is a(R2) = (D(R2, R3) + D(R2, R4) + D(R2, RY))/
3 = 11.98, and the smallest average graph-based distance
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between R2 and the local cores in another cluster is b(R2) =
23.25; thus, LCCV(R2) = 0.48. In Fig. 2(c), the right two
clusters are merged. The average intracluster graph-based
distance of R2 is a(R2) = (D(R2, R3) + D(R2, R4) +
D(R2, R5) + D(R2, R6) + D(R2,R7) + D(R2,R8) +
D(R2, R9))/7 = 18.42, and the smallest average intercluster
graph-based distance of R2 is b(R2) = 23.25. Therefore,
we have LCCV(R2) = 0.21. Then, we can conclude that for
R2, three clusters is the best choice.

To obtain the LCCV index, three main steps are required:
searching local cores, computing the graph-based distances
between them and calculating the LCCV value. There are three
substeps in searching local cores: choosing the representative
for each point, selecting local cores and assigning each point
to its local core. Thus, the time complexity of searching local
cores is O(n). The time complexity of the Dijkstra algorithm
is O((n + e)log(n)), where e is the number of edges in the
graph. The DSNG is sparse, and the number of its edges is
less than n x A/2 (A is a constant). Since the number of local
cores is n; (n; << n), the time complexity of computing the
graph-based distance between them is O(n; x nlog(n)). The
LCCV calculation in each iteration is O(nlz) when merging
clusters. Therefore, the overall time complexity of computing
the LCCV index is O(n; x nlog(n)).

V. HIERARCHICAL CLUSTERING
ALGORITHM BASED ON LCCV

In this section, we introduce a similarity metric between
clusters, and then present a novel hierarchical clustering
algorithm based on local cores.

A. Similarity Between Clusters

Complete linkage [22] and single linkage [21] are com-
monly used methods to evaluate the similarity between
clusters. The complete-linkage method uses the distance
between the two farthest points of two clusters, whereas the
single-linkage method uses the distance between the closest
points of two clusters. However, the complete linkage has
problems dealing with particular shapes, such as circles, and
the single linkage suffers from the so-called chaining effect.
To tackle data sets containing clusters with arbitrary shapes,
we define similarity on the basis of the connectivity and
closeness between clusters [40].

We construct an undirected saturated neighbor graph
(USNG) on the original data sets. Given the cluster label of
each object, the cut edges are the ones connecting two different
clusters. For example, Fig. 3(a) shows the graph of a data set
and points with different colors belonging to different clusters.
Thus, the red edges in Fig. 3(b) are the cut edges.

Given clusters C; and Cj, there exist points v; and v,
v; € C; and v; € C;. Let CE(C;, C;) be the set of cut
edges between clusters C; and C; then, the similarity between
clusters C; and C; is defined as follows.

Definition 8 (Connectivity): The connectivity between clus-
ters C; and C; is the weight sum of the cut edges straddling
the two clusters computed as follows:

>

e(vi,v;)€CE(C;,C})

Conn(C;, Cj) = w(v;,v}) (7

(b)

Fig. 3. (a) USNG. (b) Cut edges between different clusters.

where w(v;,v;) is the weight of the edge between points v;
and v, and w(v;,v;) = (1/1 +dist(v;,v;)) [27], [38]. The
weight denotes the similarity between points v; and v;.

Definition 9 (Closeness): The closeness between clusters C;
and C; is the average weight of cut edges straddling them. It is
computed as follows:

Conn(C;, Cj)

Close(C;, Cj) = m

)

Definition 10 (Similarity): The similarity between clusters
Ci and C; is a function that combines the connectivity and
closeness. It is computed as

Sim(C;, C;) = Conn(C;, C;) x Close(C;, C;)“ 9)

where a is a user-specified parameter. If @ > 1, then we give a
higher importance to the closeness, and when a < 1, we give
a higher importance to the connectivity. Based on experience,
we set o = 2 in this paper.

B. Hierarchical Clustering Algorithm

The main idea of the proposed HC-LCCV is as follows:
first, find the local cores and divide the data set into several
clusters according to them; then, merge the small clusters
with their most similar clusters; after that, a cluster hierarchy
tree is constructed by repeatedly merging the most similar
clusters' and the LCCV index in each layer of the hierarchy

!When the number of connected subgraphs of the constructed USNG is
larger than 2, HC-LCCV will terminate before the number of clusters reduces
to 2, and the final number of clusters will equal the number of connected
subgraphs. When the number of connected subgraphs is smaller than or equal
to 2, and the final number of clusters will be 2.
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Algorithm 3 HC-LCCV

Input: X (the data set)
Output: ocl (the optimal clustering results)
(4, LN)=NaN-Searching(X);
for each point x in X do
| Compute the density p(x) according to Eq. (2);
end
(localCores, Rep)=LORE(LN, p);
ni=length(local Cores);
for i=1:n; do
Ci=¢;
for each point x in the data set do
if Rep(x) == localCores(i) then
| Ci=CiUux;
end
end
end
Compute the similarity matrix sim according to
Definition 10;
Compute the graph-based distance between localCores;
n=length(X);
avgn=n/ny;
for each cluster C; do
np=length(C;);
if n, < avgn then
Cj = argmax(sim(i));

i
Merge clusters C; and Cj;
Update the similarity matrix sim;
end
end
while the number of clusters N, > 2 do
(Ci, Cj) = argmax(sim);

la
Merge clusters jCl- and C; and obtain the clustering
result cl;
Update the similarity matrix;
Calculate the [cco(cl) value according to Formula (6);
end

ocl = argmax{lcco(cl)};
cl

tree is computed; finally, the best clustering results with the
maximum average LCCV value is obtained. The procedure
is described in Algorithm 3, where function NaN-Searching()
is the natural neighbor searching algorithm, described in
Algorithm 1.

In essence, the proposed hierarchical clustering algorithm
mainly contains three processes: obtain the LNs, partition the
data set based on local cores, and merge the initial clusters
based on cluster similarities. The time complexity of the first
phase is O(n?). When introducing k-dimensional-tree [41],
its time complexity will be reduced to O(nlog(n)). The time
complexity of the second phase is O(n). Before the merging
process, we must compute the similarities between clusters and
the graph-based distances between local cores. The time com-
plexity of computing similarities between clusters by counting
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cut edges is O(n; x n) (n; is the number of local cores). Then,
the time complexity of computing the graph-based distance is
O(n; x nlog(n)). When merging clusters, the time complexity
of updating the similarity matrix is O(n) and calculating the
LCCV index is O(nlz) in each iteration. Therefore, the overall
time complexity of HC-LCCV is O(n; x nlog(n)).

VI. EXPERIMENTAL ANALYSIS

To demonstrate the effectiveness of the LCCV index, we use
12 synthetic data sets and six real data sets. Based on the
HC-LCCYV algorithm, we compare the LCCV index with other
indexes, including the DB, Silhouette, MDL, CVNN, and CSP;
the time complexity of calculating these indexes is O (n —i—n%),
O(nz), O(nz), O (nlogn), and 0(n3), respectively, where n,
is the number of clusters. We also apply the LCCV index to
other algorithms, such as K-means and DBSCAN, and perform
experiments on synthetic data sets. Moreover, we employ
accuracy [42] to evaluate the partition of the synthetic data
sets and real data sets. The clustering accuracy is computed
as follows:

1 n
Accuracy = — Z J(yi, map(c;)) (10)
-
where y; is the real cluster label, ¢; is the serial number
obtained by clustering, and

I x=y
0 x#y

is a discriminate function. The larger the value of accuracy
(accuracy € [0, 1]) is, the better the clustering performance of
the algorithm.

5(x,y)={

A. Experiments on Synthetic Data Sets

The synthetic data sets are shown in Fig. 4. The first three
data sets contain spherical clusters and some noise points.
Data Set 1 consists of five clusters, and a total of 513 points.
Data Set 2 is composed of three spherical clusters with
skewed distribution, and a total of 1873 points. Data Set 3
contains five clusters and some noise points, and a total
of 1053 points. The rest of the data sets contain clusters with
arbitrary shapes. Data Set 4 consists of four line clusters, with
a total of 1268 points. Data Set 5 includes three spiral clusters,
with a total of 312 points. Data Set 6 contains two circle
clusters and one spherical cluster, with a total of 1897 points.
Data Set 7 has two manifold clusters with different densities,
and a total of 746 points. Data Set 8 involves four manifold
clusters and a total of 630 points. Data Set 9 includes four clus-
ters and some noise points. Two of the clusters are spherical
with different densities, and the other two are concave, with a
total of 582 points. Data Set 10 has four spherical clusters in
two right angle line clusters, with a total of 1741 points. Data
Set 11 contains three spherical clusters in a circle cluster, with
a total of 1016 points. Data Set 12 contains seven clusters
and a number of noise points for a total of 8537 points.
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Fig. 4.
(i) Data Set 9. (j) Data Set 10. (k) Data Set 11. (I) Data Set 12.

Our experiment is conducted on a PC with an i5 Core,
2.8 GHz, 4 GB RAM, Windows 7, and MATLAB R2013a.2

The regarding right cluster number for Data Set 11 is four.
The result of using the accuracy index to evaluate the partition
of Data Set 11 is shown in Fig. 5(b) and it also demonstrates
that when the optimal number of clusters is four, Data Set 11 is
correctly partitioned. The experimental results from using the
six validity indexes to evaluate clustering results are shown
in Fig. 5(c)—(h), in which the red star points are the optimal
validity index values. From the results, we learn that the
optimal cluster numbers obtained by the CVNN and LCCV
indexes are correct. The DB and Silhouette indexes obtain the
optimal cluster number 9. The MDL and the CSP indexes
obtain the optimal cluster number 3.

We first perform experiments on the original synthetic
data sets, and the experimental results from using the six
validity indexes to evaluate the optimal cluster numbers are
shown in Table II, where NC denotes the correct cluster
number. Then, we use the random method? to reproduce each

2The MATLAB code is available from https://github.com/DongdongCheng/
Icev-source-code.

3According to the original data set, we use a random method to recalculate
the coordinates for each point. For a Data Set A that consists of n d-dimension
objects, the jth dimension of ith object is A(i, j). First, we compute the
average length of each dimension avel(j) = (max(A(:, j)) —min(A(:, j)))/n,
then, we generate a random number r € [—1, 1], and finally, A’(i, j) is
recalculated as A’(i, j) = A(i, j) + 2 x avel(j) x r.

(¢9) ®

Synthetic data sets. (a) Data Set 1. (b) Data Set 2. (c) Data Set 3. (d) Data Set 4. (e) Data Set 5. (f) Data Set 6. (g) Data Set 7. (h) Data Set 8.

TABLE II

OPTIMAL CLUSTERING NUMBERS OF THE
ORIGINAL SYNTHETIC DATA SETS

Datasets NC DB Silhouette MDL CVNN CSP LCCV
Dataset 1 5 5 5 3 5 3 5
Dataset 2 3 3 3 21 2 3
Dataset 3 5 3 3 2 2 3 5
Dataset 4 4 13 14 14 4 4 4
Dataset 5 3 61 30 3 3 3 3
Dataset 6 3 30 31 3 3 3 3
Dataset 7 2 9 2 2 2 2 2
Dataset 8 4 20 20 5 4 4 4
Dataset 9 4 4 6 6 2 3 4
Dataset 10 6 18 17 5 5 5 6
Dataset 11 4 9 9 3 4 3 4
Dataset 12 7 4 6 2 2 2 7

data set 10. For example, taking Data Set 11, the correct
numbers of clusters in the 10 experiments are all four. The
experimental results are shown in Table III, where ON is
the optimal number of clusters obtained by these indexes
and accuracy is computed according to (10). The last row of
Table III shows the NC correct rate and average accuracy of
the results in the 10 experiments, and the NC correct rate is
the proportion of the correct ON in the 10 experiments. The
NC correct rate and average accuracy of every synthetic data
set are listed in Tables IV and V, respectively.

The NC correct rate and clustering accuracy are consistent.
The results illustrate that DB and Silhouette indexes are
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Comparison of six indexes on Data Set 11. (a) Correct clustering result of Data Set 11. (b) Accuracy
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with the change of cluster number.

(c)—(h) Cluster number—index (DB, Silhouette, MDL, CVNN, CSP, and LCCV) relationship graph of Data Set 11.

TABLE III

OPTIMAL CLUSTER NUMBER, CORRECT RATE OF CLUSTER NUMBER, AND ACCURACY OF DATA SET 11

Dataset DB Silhouette MDL CVNN CSP LCCV
) ON  Accuracy ON  Accuracy ON  Accuracy ON Accuracy ON  Accuracy ON Accuracy

Dataset 11_1 9 0.68 9 0.68 3 0.81 4 1.00 3 0.81 4 1.00

Dataset 11_2 21 0.36 7 0.73 3 0.81 4 1.00 3 0.81 4 1.00

Dataset 11_3 11 0.67 11 0.67 4 1.00 4 1.00 4 1.00 4 1.00

Dataset 11_4 9 0.69 9 0.69 3 0.81 4 1.00 3 0.81 4 1.00

Dataset 11_5 9 0.71 9 0.71 3 0.81 4 1.00 3 0.81 4 1.00

Dataset 11_6 10 0.68 10 0.68 3 0.81 4 1.00 3 0.81 4 1.00

Dataset 11_7 10 0.68 10 0.68 4 1.00 4 1.00 4 1.00 4 1.00

Dataset 11_8 9 0.68 9 0.68 4 1.00 4 1.00 4 1.00 4 1.00

Dataset 11_9 14 0.68 14 0.68 4 1.00 4 1.00 4 1.00 4 1.00

Dataset 11_10 10 0.68 10 0.68 3 0.81 4 1.00 3 0.81 4 1.00

0% 0.65 0% 0.69 40% 0.89 100 % 1.00 40% 0.89 100 % 1.00

TABLE IV TABLE V
NC CORRECT RATE OF SYNTHETIC DATA SETS CLUSTERING ACCURACY OF SYNTHETIC DATA SETS
Datasets DB Silhouette  MDL  CVNN CSP LCCV Datasets DB Silhouette MDL  CVNN CSP LCCV

Dataset 1 100% 100% 0% 100 % 10% 100% Dataset 1 1.00 1.00 0.62 1.00 0.61 1.00
Dataset 2 100 % 100 % 0% 0% 40% 100 % Dataset 2 0.99 0.99 0.46 0.84 0.96 0.99
Dataset 3 40% 40% 0% 0% 0% 100% Dataset 3 0.82 0.82 0.47 0.44 0.57 0.99
Dataset 4 0% 0% 0% 100 % 100 % 100 % Dataset 4 0.41 0.45 0.54 1.00 1.00 1.00
Dataset 5 0% 0% 40% 70% 100 % 100 % Dataset 5 0.13 0.13 0.86 0.90 1.00 1.00
Dataset 6 0% 0% 100% 80% 80% 100% Dataset 6 0.24 0.25 1.00 0.97 0.97 1.00
Dataset 7 0% 90% 100% 100% 100% 100% Dataset 7 0.49 0.94 1.00 1.00 1.00 1.00
Dataset 8 0% 0% 60% 90% 100 % 100% Dataset 8 0.39 0.39 0.97 0.98 1.00 1.00
Dataset 9 100% 10% 50% 0% 0% 100% Dataset 9 1.00 0.66 0.89 0.74 0.85  1.00
Dataset 10~ 0% 0% 0% 0% 0% 100% Dataset 10 0.42 0.43 0.64 0.61 0.61  1.00
Dataset 11 0% 0% 40%  100%  40%  100% Dataset 11 0.65 0.69 0.89  1.00 0.89  1.00
Dataset 12 0% 0% 0% 0% 0% 100% Dataset 12 0.63 0.83 0.47 0.27 027  1.00

effective for evaluating spherical clusters. However, when
dealing with data sets containing nonspherical clusters, the DB
and Silhouette indexes fail to find the correct number. The
MDL index is effective for Data Sets 6 and 7, and the
results for Data Sets 5 and 8 are unstable. The CVNN index
does good work on Data Sets 1, 4, 7, and 11, and the

performance on Data Sets 5, 6, and 8 is unstable. The CSP
index performs well on Data Sets 4, 5, 7, and 8, and the
results on Data Set 6 are not always good. The results show
that the MDL, CVNN, and CSP indexes are effective for
data sets containing nonspherical and well-separated clusters,
but they are invalid when processing data sets containing
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TABLE VI
TIME OF ALGORITHMS WITH SYNTHETIC DATA SETS
Datasets DB Silhouette MDL CVNN CSP LCCV
Dataset 1 1.23 2.01 1.68 1.05 2.11 1.22
Dataset 2 23.06 39.44 37.26 21.81 41.31 22.37
Dataset 3 5.80 11.04 8.22 5.07 10.93 5.20
Dataset 4 4.09 10.41 6.57 3.47 11.34 4.00
Dataset 5 0.54 1.62 0.76 0.43 1.02 0.45
Dataset 6 10.87 29.23 20.69 9.58 29.53 10.71
Dataset 7 1.84 371 3.44 1.54 3.74 1.57
Dataset 8 1.26 2.97 1.86 0.94 2.72 1.09
Dataset 9 1.76 3.61 2.52 1.50 3.10 1.60
Dataset 10 10.17 31.52 15.86 8.05 30.09 8.52
Dataset 11 2.56 5.77 3.99 2.17 6.56 2.58
Dataset 12 499.96 2047.76 1004.28 44153  1708.97  452.02
TABLE VII
CHARACTERISTICS OF REAL DATA SETS
Datasets Instances  Attributes  clusters
Wine 178 13 3
Cancer 569 30 2
Control 600 60 6
Breast 699 10 2
Banknote 1372 4 2
Pendigits 7494 16 10
TABLE VIII
OPTIMAL CLUSTERING NUMBERS OF REAL DATA SETS
Datasets DB  Silhouette MDL CVNN CSP LCCV
Wine 12 3 2 2 2 3
Cancer 2 2 3 2 2 2
Control 3 3 3 3 3 6
Breast 2 2 3 2 2 2
Banknote 42 42 5 2 2 2
Pendigits 2 14 19 2 2 10

overlapping clusters or a large number of noise points. The
LCCYV index can obtain the correct optimal cluster number
for the 12 synthetic data sets. From Table V, when given the
optimal clustering numbers, the accuracy scores of these data
sets using the LCCV index are 1 or close to 1, which means
that they are correctly partitioned. We can conclude that the
LCCYV index is more effective for evaluating arbitrary-shaped
clusters and more robust than the other indexes are.

The running times, obtained after executing every algo-
rithm 10, are displayed in Table VI. From the table, DB,
LCCYV, and CVNN require a similar running time. LCCV takes
a little longer time than that of CVNN, but it is much faster
than Silhouette, MDL, and CSP.

B. Experiments on Real Data Sets

To further demonstrate the effectiveness of the LCCV index,
we perform experiments on several benchmarking real data
sets from UCI Machine Learning Repository. The character-
istics of these data sets are shown in Table VII. The running
times are listed in Table X. The experimental results from
using validity indexes to evaluate the optimal number of clus-
ters for these real data sets are shown in Tables VIII and IX.
From Table VIII, we find that the LCCV index can obtain
the correct optimal cluster number for the six real data sets.
Other validity indexes are not as effective. From Table IX,
the accuracy scores are less than 1, which means that some

TABLE IX
ACCURACY OF OPTIMAL CLUSTERING NUMBERS ON REAL DATA SETS

Datasets DB Silhouette MDL  CVNN CSP LCCV
Wine 0.76 0.96 0.64 0.64 0.64 0.96
Cancer 0.78 0.78 0.68 0.78 0.78 0.78
Control 0.50 0.50 0.50 0.50 0.50 0.82
Breast 0.95 0.95 0.88 0.95 0.95 0.95
Banknote 0.13 0.13 0.74 0.90 0.90 0.90
Pendigits 0.21 0.72 0.69 0.21 0.21 0.82
TABLE X
TIME OF THE ALGORITHMS WITH REAL DATA SETS
Datasets DB Silhouette MDL CVNN CSP LCCV
wine 0.20 0.24 0.38 0.17 0.41 0.19
Cancer 1.43 1.90 8.73 1.31 2.36 1.37
Control 1.61 2.03 10.41 1.50 2.49 1.52
Breast 1.32 1.43 2.88 1.27 2.46 1.28
Banknote 11.48 19.91 21.50 10.50 24.65 10.96
Pendigits  403.37 717.06 931.13  408.49 1581.09 414.78

samples are not correctly partitioned. However, the accuracy
scores of the LCCV index are higher than or equal to those
of other indexes, that is, the clustering qualities of these real
data sets obtained by the LCCV index are better than those of
other indexes. The results show that the LCCV index is good
at evaluating arbitrary-shaped clusters.

C. Applying the LCCV Index to Other Clustering Algorithms

The LCCV index is a commonly designed validity index
based on local cores. To extend our method, we combine it
with other clustering algorithms to determine the optimal clus-
ter number. The extended algorithm based on LCCV (ELC),
can be described in Algorithm 4.

Algorithm 4 ELC

Input: X (the data set)
Output: ocl (The optimal clustering results)
(2, LN)=NaN-Searching(X);
for each point x in X do
| Compute the density p(x) according to Eq. (4);
end
(localCores)=LORE(LN, rho);
Compute the graph-based distance between localCores;
for k = kin to kjyax do
Use a certain clustering algorithm to cluster the
Data Set X and obtain the clustering result c/;
Calculate the Icco(cl) value according to Formula (6);
end

ocl = argmax{lcco(cl)};
cl

According to [20], we set kmin = 2 and kpmax = /1.
We use the ELC algorithm based on K-means and DBSCAN
to perform experiments on the above synthetic data sets. For
K-means, the value of k is the number of clusters we set.
For DBSCAN, it has to set the searching radius Eps and the
minimum number of points Minpts. In each iteration, we take
k as the Minpts and estimate Eps with k according to [43].
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Fig. 6. Clustering results of ELC based on K-means algorithm on the first three data sets.
TABLE XI TABLE XII
RESULTS OF ELC ALGORITHM BASED ON K-MEANS AND DBSCAN COMPARISON OF USING ALL POINTS AND LOCAL
CORES TO COMPUTE LCCV INDEX
K-means DBSCAN
Datasets NC ON  Accuracy ON  Accuracy Datasets NC ON Running time (s)
Dataset 1 5 5 1.00 5 0.99 All points  Local cores  All Points  Local cores
Dataset 2 3 3 0.93 3 0.91 Dataset 1 5 5 5 8.32 1.22
Dataset 3 5 5 0.95 5 1.00 Dataset 2 3 3 3 154.69 22.37
Dataset 4 4 6 0.61 4 0.99 Dataset 3 5 5 5 43.56 5.20
Dataset 5 3 2 0.36 3 1.00 Dataset 4 4 4 4 53.21 4.00
Dataset 6 3 6 0.32 3 1.00 Dataset 5 3 3 3 437 0.45
Dataset 7 2 26 0.14 2 0.99 Dataset 6 3 3 3 141.78 10.71
Dataset 8 4 21 0.32 4 1.00 Dataset 7. 2 2 2 19.63 1.57
Dataset 9 4 6 0.65 4 1.00 Dataset 8 4 4 4 13.56 1.09
Dataset 10 6 37 0.24 6 1.00 ]‘)33:&5? 1% 2 2 2 111168461 ;-gg
Dataset 11 4 9 0.69 4 1.00 atase : :
DgtgzZt 12 7 4 072 ” 0.96 Dataset 11 4 3 4 32.08 2.06
- - Dataset 12 7 7 7 4464.48 452.02

The experimental results are shown in Table XI. From
Table XI, we can see that the ELC algorithm based on
K-means obtains the correct optimal number of clusters for
the first three data sets, and the clustering accuracy scores
for the first three data sets are all more than 0.9, showing
that most points are correctly partitioned. The clustering
results of K-means for the first three data sets are displayed
in Fig. 6. Since each point is always assigned to its nearest
center, K-means cannot address nonspherical clusters. There-
fore, it cannot obtain the correct cluster number for the other
data sets. The ELC algorithm based on DBSCAN obtains the
correct optimal number of clusters for all the data sets. The
DBSCAN clustering results on the 12 synthetic data sets are
displayed in Fig. 7, and the black points are noises detected
by DBSCAN. From the clustering results and accuracy, most
of the points are correctly partitioned.

VII. DISCUSSION

To efficiently evaluate the clustering results, we select local
cores rather than all points to compute the LCCV index.
We perform experiments on synthetic data sets to demonstrate
that employing local cores produces the same results as
employing all points or even better.

We use all points and local cores to compute the graph-
based distance, and then calculate the LCCV index. The
results are listed in Table XII, which show that employing
local cores can obtain the same number of correct clusters as
employing all points for all data sets except for Data Set 11.

For Data Set 11, the local cores retain the structural char-
acteristics of the data set and exclude interference of some
boundary points, so using local cores obtains the correct result
but using all points does not. The running time of using all
points to compute the LCCV index is far longer than that
of just using local cores. The experiment shows that it is
reasonable to use local cores to represent all points in a data
set to compute the LCCV index.

For spherical clusters, the dissimilarity computed with
graph-based distance is similar to that computed with the
Euclidean distance. Take the data set in Fig. 2, for example,
the Euclidean distances between R2 and R3, R4, and RS are
smaller than those between R2 and R1, R6, R7, RS, and
R9. A certain number of noise points will not change the
fact that the distances between points within a cluster are
smaller than those in different clusters. Therefore, the LCCV
index is robust for the data set containing spherical clusters.
The noise points will rarely connect well-separated clusters to
shorten the graph-based distances between points in different
clusters. For manifold clusters, the graph-based distance is
more applicable than the Euclidean distance for evaluating the
dissimilarity between objects. Take a simple data set shown
in Fig. 8(a); for example, points A and B are in different
clusters, and points A and E are in the same cluster. The
Euclidean distance between points A and B is 62, and between
A and E is 112, whereas the graph-based distances between
points A and B are 307, and between A and E are 117.
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Fig. 8. Impact of noise points on manifold clusters. Graph-based distance (a) between A and B without noises and (b) between A and B with noises.

It is obvious that the graph-based distance is more suitable for
measuring the dissimilarity between points A and B. However,
when there are noises between points A and B, the situation is
different. Just as shown in Fig. 8(b), when there are three noise
points (N1, N2, and N3) between A and B, there is a path
from B to A, and the graph-based distance between A and B
changes to 63, smaller than that between points A and E.
The existence of noise points change the relationship between
points, that is, the graph-based distance between points in
different clusters should be far from each other, but because of
the noise points, they may become close to each other. In this
case, the LCCV index may fail to obtain the correct cluster
number.

To explore the impact of noise points, we perform experi-
ments on six synthetic data sets by adding noise points ranging
from 0% to 20%. The six data sets consist of two with
spherical clusters (i.e., Data Sets 1 and 2), two with well-
separated clusters (i.e., Data Sets 4 and 8), and two with
complex structures (i.e., Data Sets 6 and 11). The optimal
number of clusters and the accuracy obtained by HC-LCCV
are shown in Fig. 9. For data sets with spherical clusters,
the number of clusters stays the same with the change of noise
points, and the accuracy is larger than 0.97 for Data Set 1 and
0.99 for Data Set 2 indicating that most points are correctly
partitioned. For Data Sets 4 and 8, the number of clusters
and the accuracy both remain unchanged, and the accuracy
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(f) Data Set 11.

scores are 1, indicating that the clustering results are exactly
correct. For Data Sets 6 and 11, when the proportion of noise
points is within a certain range (12% for Data Set 6 and
14% for Data Set 11), the LCCV index can obtain the correct
optimal cluster number. However, when there are more noise
points, the index will fail. From the results, we learn that the
LCCYV index is robust against data sets containing spherical
clusters or well-separated clusters. For data sets with complex
structures that have so many noise points that the graph-based
distances between points in different clusters are smaller than
those in the same cluster, the LCCV index will fail to obtain
the correct number of clusters. Other indexes, such as the
CVNN and CSP indexes, are also susceptible to noise points.
How to solve the problem of noise points in clustering analysis
is what we will answer in the future research.

VIII. CONCLUSION

In this paper, we propose a new cluster validity index based
on local cores, LCCV. Since we use graph-based distance
to evaluate the dissimilarity between local cores, the LCCV
index is effective for obtaining the optimal cluster number for
data sets containing clusters with arbitrary shapes. To obtain
clusters with arbitrary shapes, we use a hierarchical clustering
algorithm called HC-LCCV. The LCCV index is proposed
to analyze the clustering results and determine the optimal
number of clusters. The experimental results on synthetic
and real data sets show that the LCCV index can evaluate
clustering results effectively and is suitable for determining
the number of clusters for data sets containing arbitrary-shaped
clusters.

When there are many noise points in a data set with
complex structures, the points may change the connections
between local cores, and the LCCV index will fail to detect the
correct number of clusters. A potential solution is to eliminate
noise points before the clustering process. We would like to
investigate ways to eliminate the noise points and improve the
robustness of our method in our future work.
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