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Abstract

Spectral clustering has become a typical and efficient clustering method used

in a variety of applications. The critical step of spectral clustering is the simi-

larity measurement, which largely determines the performance of the spectral

clustering method. In this paper, we propose a novel spectral clustering algo-

rithm based on the local similarity measure of shared neighbors. This similar-

ity measurement exploits the local density information between data points

based on the weight of the shared neighbors in a directed k-nearest neighbor

graph with only one parameter k, that is, the number of nearest neighbors.

Numerical experiments on synthetic and real-world datasets demonstrate that

our proposed algorithm outperforms other existing spectral clustering algo-

rithms in terms of the clustering performance measured via the normalized

mutual information, clustering accuracy, and F-measure. As an example, the

proposed method can provide an improvement of 15.82% in the clustering

performance for the Soybean dataset.
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1 | INTRODUCTION

Clustering is one of the most commonly used techniques
for data analysis with widespread applications in many
fields, such as statistical learning [1,2], image processing
[3], medical diagnosis [4], information retrieval [5], and
data mining [6]. The purpose of clustering is to divide
unlabeled data points x¼fx1, :::,xng�ℝm into several
clusters such that points in the same cluster are similar
to each other, whereas points in different clusters are
dissimilar to each other [7].

Over the past few decades, a variety of clustering algo-
rithms have been proposed, including the K-means [8,9],
Fuzzy C-means clustering [10], and expectation-

maximization [11] algorithms. However, for complex
data, particularly when the data are nonconvex, the
clustering effect of these traditional algorithms can only
be locally optimal [12].

Compared with these traditional algorithms, the spec-
tral clustering algorithm [13] has gained popularity
because of its simple implementation and good perfor-
mance for sample spaces of arbitrary shapes, particularly
for nonconvex shapes. Spectral clustering has broad
applications, including image segmentation [14,15],
pattern recognition [16], video processing [17], and bioin-
formatics [18,19].

Spectral clustering can be treated as a graph partition
[20]. The method constructs a similarity graph to model
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the local neighborhood relationships between the data
points and uses the spectrum of Laplacian matrices
derived from pairwise similarity matrices to map the
original data points into a space where they can be easily
clustered. Therefore, similarity graphs are vital to the per-
formance of spectral clustering. There are several popular
similarity graph constructions, such as the ε-neighbor-
hood, k-nearest neighbor (kNN), and fully connected
graph constructions.

In a fully connected graph, all data points are con-
nected with positive similarity to each other; such a
graph is denoted as a matrix S¼ðsijÞi,j¼1,…,n. The Gauss

kernel function sij ¼ expð�kxi� xjk22=2σ2Þ is widely
adopted as a similarity measure, where σ is the kernel
parameter controlling how rapidly the similarity falls off
with the distance between the data points. The similarity
between given data points is determined by just one
unknown parameter σ, which is specified manually.

Ng and others [21] attempted to automatically
obtain an optimal value of σ by executing their spectral
clustering algorithm repeatedly for many different values
of σ and then choosing the one that gave the smallest dis-
tortion clusters. However, the obtained σ is a global value
that may not work well for all of the data. Zelnik-Manor
and Perona [22] adopted a local scaling parameter for
each point to compute the similarity between each pair
of points. This so-called self-turning spectral clustering
algorithm generates better clustering results, particularly
for multiple scales of data. Zhang and others [23] pro-
posed a local density adaptive similarity measure, which
scales the Gauss kernel function using the local
density of the ε-neighborhood between the data points,
where the ε-neighborhood of one point is formed by
the spherical region around this point with a given
radius of ε.

The kNN graph has received considerable attention
for overcoming the difficulties of handling complex
datasets and finding the optimal value of the kernel
parameter σ. In an undirected kNN graph, xi and xj are
connected with an undirected edge if xj is among the
kNNs of xi or xi is among the kNNs of xj. In particular, if
xj is among the kNNs of xi and xi is among the kNNs of
xj, the resulting graph can be called a mutual kNN graph.
Then, the edges are weighted by the similarity of the con-
nected points.

Luci�nska and Wierzcho�n [24] presented a similarity
measure based on kNN. In their method, the kernel
parameter σ is replaced by the number k of nearest
neighbors, which is an integer and can therefore be easily
chosen. Tan and others [25] considered mutual kNN to
avoid the effects of noise while generating the similarity

matrix. Instead of focusing on the kNN of each point,
Jarvis and Patrick [26] described a novel concept of
shared nearest neighbors and measured the similarity
based on that. In most cases, each pair of data points has
a higher similarity when they have more shared nearest
neighbors. Ye and Sakurai [27,28] proposed a similarity
measurement for spectral clustering based on the number
of shared nearest neighbors or the closeness of the shared
nearest neighbors in directed kNN, which works well,
particularly for datasets that are not well separated. Zhu
and others [29] presented a new notion of neighbors
called natural neighbors to iteratively identify the nearest
neighbors of each point without manually selecting the
parameter k. Their method was inspired by friendships in
human societies. Yuan and Zhu [30] designed a fast sea-
rch of natural neighbor’s algorithm to improve the search
efficiency of natural neighbors and decrease the compu-
tational time. Alshammari and others [31] introduced a
refined kNN graph, in which the number k of nearest
neighbors is a local parameter for each data point and
can be adaptively computed.

In this paper, we propose a spectral clustering algo-
rithm based on the local similarity measure of shared
neighbors (SC-LSM), inspired by the Gauss kernel func-
tion and the construction of a kNN graph and shared
neighbors. In SC-LSM, we find the shared neighbors of
each pair of points in a directed kNN graph to reflect the
local density between the data points. Therefore, we have
one parameter k, which is used to determine the number
of nearest neighbors. Moreover, SC-LSM measures the
similarity based on the Gauss kernel function and scales
the self-turning parameter σ by considering the closeness
of the shared neighbors to reduce the sensitivity of the
local scale σ.

The rest of this paper is organized as follows. In
Section 2, we begin with the preliminaries concerning
spectral clustering. The proposed SC-LSM is presented in
Section 3. In Section 4, we illustrate experimental results
to evaluate the proposed algorithm and compare the per-
formance of our algorithm with those of other existing
spectral clustering algorithms. Finally, our conclusions
are given in Section 5.

2 | PRELIMINARIES
CONCERNING SPECTRAL
CLUSTERING

In this section, we cover preliminaries concerning spec-
tral clustering and introduce the most common spectral
clustering algorithm.
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Given a set of data points x¼fx1, :::, xng�ℝm and
some similarity between all of the pairs of data points, it
is intuitive to separate these data points into c clusters.
The corresponding similarity matrix is denoted by
S¼ðsijÞi,j¼1,…,n. Gauss kernel function is an example of

similarity function:

sij ¼ exp
�kxi� xjk22

2σ2

!
, i≠ j,

0, i¼ j,

8><
>: ð2:1Þ

where i, j¼ 1, :::, n, kxi� xjk2 is the Euclidean distance
between the data points xi and xj and σ is the kernel
parameter.

After the similarity matrix S is constructed, the next
step is to compute the corresponding Laplacian matrix
based on the similarity matrix. The following are three
different graph Laplacian matrices [20] that are the main
tools for the spectral clustering algorithm.

The unnormalized graph Laplacian matrix is defined
as follows:

L :¼D�S,

where D is a diagonal matrix with di ¼
Pn

j¼1sij, i¼ 1, :::, n

on its diagonal. Many of its properties are described by
Mohar and others [32] and Monar [33].

The normalized graph Laplacian matrices are defined
as follows:

Lsym :¼D�1=2LD�1=2 ¼ I�D1=2SD�1=2,

Lrw :¼D�1L¼ I�D�1S:
ð2:2Þ

where Lsym is a symmetric matrix and Lrw is closely
connected to a random walk. Chung and Graham [34]
provided a standard reference for normalized graph
Laplacians.

We then compute the first c smallest eigenvectors
v1, :::, vc of one of the Laplacian matrices and form the
matrix V�ℝn�c as the columns. In particular, for a
normalized graph Laplacian matrix Lsym, an additional
row normalization step for V is needed; that is, it is
necessary to normalize the row sums to have norm

1, vij ¼ vij=ð
P

cv
2
icÞ1=2. Then, each original data point

xi, i¼ 1, :::, n in ℝm is mapped into the data point with
lower dimension represented in each row i of V. Finally,
the points Vði, :Þ, i¼ 1, :::, n in ℝc are clustered into
C1, :::, Cc using the K-means algorithm. A more detailed

description for the spectral clustering algorithm is given
in Von Luxburg [20].

3 | SPECTRAL CLUSTERING
BASED ON THE LOCAL SIMILARITY
MEASURE OF SHARED NEIGHBORS

In this section, we propose an SC-LSM. The main content
of our proposed algorithm is introduced in the following
steps.

3.1 | Constructing shared neighbors
based on a directed kNN graph

Here, we consider a directed kNN graph; that is, we
connect point xi to point xj if xj is among the kNNs of xi,
denoted in the shorthand notation xi ! xj. At this time,
xj9xi unless xi is among the kNNs of xj. Therefore, the
neighborhood relationship between the points is not
symmetric. Figure 1 shows the directed four nearest
neighbors of Points 1 and 2.

Suppose that the kNNs of the point xi in the directed
kNN graph can construct a set NðxiÞ. We consider
NðxiÞ \NðxjÞ, which denotes the points in the inter-
section of the sets NðxiÞ and NðxjÞ. xt �NðxiÞ \NðxjÞ
means that xt is among the kNNs of the point xi and

F I GURE 1 Directed four-nearest neighbors of points (A) 1

and (B) 2 in two different cases
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among the kth nearest neighbors of xj in the directed
kNN graph.

Furthermore, if xi and xj are mutual kNNs, denoted
as xi $ xj, then xi is among the kNNs of xj, and xj is
among the kNNs of xi.

Then, we introduce shared neighbors SNðxi, xjÞ,
which are defined as follows:

SNðxi,xjÞ¼
NðxiÞ\NðxjÞ[fx0g, if xi $ xj,

NðxiÞ\NðxjÞ, otherwise,

�

where x0 represents xj as one of the kNNs of xi and repre-
sents xi as one of the kNNs of xj.

For example, as shown in Figure 1A, Points 3, 4,
5, and 6 are the four nearest neighbors of Points
1, and Points 3, 4, 7, and 8 are the four nearest neigh-
bors of Point 2. Then, Points 1 and 2 have two shared
neighbors. In Figure 1B, the 4NN of Point 1 are Points
2, 4, 5, and 6, and the 4NN of Point 2 are Points 1, 3,
7, and 8. Hence, there is one shared neighbor between
Points 1 and 2.

Shared neighbors SNðxi, xjÞ can be used to obtain the
weights of points, which can show the local density
between the points and distinguish points within the
same clusters from points in different clusters. If only the
number of shared neighbors is considered to compute the
weights of the points, the weights of Points 1 and 2 in
Figure 1A are higher than those in Figure 1B because
Points 1 and 2 have two shared neighbors in Figure 1A,
whereas they only have one shared neighbor in
Figure 1B. In fact, Points 1 and 2 in Figure 1B are closer
to each other and should have higher weights than those
in Figure 1A.

Therefore, we can measure the weights of the points
in a directed kNN graph based on the closeness of the
shared neighbors to the measured points. The weights
W¼ðwijÞi, j¼1,…,n of the points in the directed kNN graph

are calculated as follows:

wij ¼
X

xt � SNðxi,xjÞ
ðk� tiþ1Þþðk� tjþ1Þ, ð3:1Þ

where xt is the tith nearest neighbor of the point xi and
the tjth nearest neighbor of xj. In addition, if
SNðxi, xjÞ¼ ;, then wij ¼ 0.

In the example in Figure 1A, Points 3 and 4 are
shared neighbors of Points 1 and 2. Point 3 is the third
nearest neighbor of Point 1 and the fourth nearest neigh-
bor of Point 2, whereas Point 4 is the fourth nearest
neighbor of Point 1 and the third nearest neighbor of
Point 2. The weight w12 of Points 1 and 2 is 6 according

to (3.1). In Figure 1B, Points 1 and 2 only have one
shared neighbor, which is the first nearest neighbor of
Point 1 and the first nearest neighbor of Point 2. Based
on this, Points 1 and 2 have a higher weight (8) in
Figure 1B than in Figure 1A.

3.2 | Constructing a similarity matrix
based on a kernel function

The Gauss kernel function is a common similarity
measure for spectral clustering with the parameter σ,
which controls the width of the neighborhoods.

Zelnik-Manor and Perona [22] proposed a local
scaling parameter σi for each point xi, i¼ 1, :::,n rather
than a single global scaling parameter σ. The local scale
σi is calculated as follows:

σi ¼ dðxi, xkÞ, ð3:2Þ

where dðxi, xkÞ is the Euclidean distance between xi and
xk and xk is the kth nearest neighbor of xi. Then, the
similarity function, combined with the weight wij (3.1) of
the shared neighbors and the local scaling parameters
σi (3.2), is defined as follows:

sij ¼ exp
�kxi� xjk22
2σiσjwij

!
, i≠ j,

0, I¼ j,

8><
>: ð3:3Þ

where i, j¼ 1, :::, n.
The proposed definition of the similarity function has

the following properties.

(1) The similarity matrix S (3.3) is sparse because each
pair of points is connected to each other and has
nonzero similarity only if the pair has shared neigh-
bors, that is, sij ¼ 0 when SNðxi, xjÞ¼ ;. This results
in computational efficiency in the subsequent
construction of the Laplacian matrix and solution of
the eigenvectors.

(2) For two pairs of points xi, xj and xp, xq, supposing
dðxi, xjÞ¼ dðxp, xqÞ and σiσj ¼ σpσq, we have sij > spq
if xi, xj are in the same dense region and have more
shared nearest neighbors while xp, xq are in a less
dense region.

The examples in Figure 1 can also be used to
illustrate the effectiveness of the definition of the
similarity matrix S (3.3). Based on the length of the
line segment in Figure 1A, we assume that
dðx1, x2Þ¼ 6, σ1 ¼ dðx1, x4Þ¼ 4, and σ2 ¼ dðx2, x3Þ¼ 4, and
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we have w12 ¼ 6 in Section 3.1. Then, based on the above
assumptions and (3.3), we have s12 ¼ 0:8290. Analo-
gously, assuming that dðx1, x2Þ¼ 1, σ1 ¼ dðx1, x4Þ¼ 3,
and σ2 ¼ dðx2, x8Þ¼ 3, we obtain s12 ¼ 0:9931 with w12 ¼
8 in Figure 1B. Based on the above analysis, we can con-
clude that Points 1 and 2 have higher similarity in
Figure 1B than in Figure 1A. Hence, Points 1 and 2 in
Figure 1B are grouped into the same cluster, which can
be confirmed in Figure 1.

Furthermore, Von Luxburg [20] has shown that, in
the ideal case, the between-cluster similarity is exactly
0, which causes the similarity matrix to be block diag-
onal. In practice, we construct the similarity matrix
such that the between-cluster similarities are as small
as possible, corresponding to the similarity matrix
being as block diagonal as possible. A visualization of

the similarity matrix (3.3) for the real dataset Soybean
is shown in Figure 2. Note that our similarity matrix is
very close to an ideal block diagonal matrix.

3.3 | Clustering based on the similarity
measure

The last step is clustering based on the similarity
measure, which consists of the same procedures as the
traditional spectral clustering algorithm, as presented
below.

The normalized Laplacian matrix is constructed such
that Lsym ¼ I�D�1=2SD�1=2 based on the similarity
matrix S. Then, we cluster the data points x1, :::, xn using
the K-means algorithm into clusters C1, :::, Cc based on
the first c smallest eigenvectors of Lsym.

3.4 | Algorithm and computational
complexity

The pseudocode for our proposed spectral clustering algo-
rithm is summarized in Algorithm 1.

Next, we illustrate the time complexity of the pro-
posed SC-LSM algorithm. The complexity of constructing
shared neighbors in the directed kNN graph is
Oðn2lognþmkÞ, where m is the number of data pairs that
have shared neighbors and is much smaller than n2. The
constructions of the weight matrix and the similarity
matrix have a complexity of Oðn2þmÞ. Computing the
first c eigenvectors from a sparse normalized Laplacian

F I GURE 2 Similarity matrices of the real dataset Soybean

(brighter elements in the image of the similarity matrix indicate a

higher similarity between the corresponding data points):

(A) similarity matrix (2.1) and (B) similarity matrix (3.3)
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matrix using the MATLAB function eigs entails a com-
plexity of Oð2c2Þ. With the eigenvalue problem solved,
the c eigenvectors are normalized with a complexity of
OðncÞ. The K-means algorithm is performed to receive
the final clustering result with a complexity of Oðnc2tÞ,
where t is the number of iterations. Therefore, the
overall complexity of our SC-LSM algorithm is
Oðn2lognþmkþ n2 þmþ 2c2 þ ncþ nc2tÞ.

4 | EXPERIMENTS

In this section, we perform several experiments on both
synthetic and real-world datasets implemented in
MATLAB 2016a illustrating the clustering results all-
owing the proposed SC-LSM algorithm to be evaluated.
We measure the similarity (3.3) between the data points
based on the Euclidean distance and construct the
Laplacian matrix Lsym using (2.2). Meanwhile, the
MATLAB function eigs is used to compute the first c
smallest eigenvectors of Lsymj, and we cluster them via
the MATLAB function K-means.

4.1 | Datasets

We applied our proposed algorithm to one two-
dimensional synthetic dataset and several high-
dimensional real-world datasets.

The first example, denoted as GenerateNoise [27], is a
synthetic dataset to show the robustness of the method to
noise; the data distribution of this dataset is shown in
Figure 3.

In addition, the biological dataset Lung, face image
dataset ORL, handwritten image dataset USPS, and

another dataset Isolet were chosen from feature selection
[35], which is an open-source feature selection repository
that is beneficial for feature selection applications,
research, and comparative studies.

The other real examples were selected from the UC
Irvine Machine-Learning Repository [36], which contains
various real-world datasets and can be widely applied
to authoritatively validate machine-learning and data-
mining algorithms.

A description and the properties of all of the datasets
are shown in Tables 1 and 2, respectively.

4.2 | Evaluation metrics

In these experiments, we chose three evaluation metrics
to evaluate the quality of the clusters: normalized mutual
information (NMI), clustering accuracy (ACC), and
F-measure,

NMI is calculated such that [37]

NMI¼
Pc

i¼1

Pc
j¼1

nij
n log

nij
nin̂j

� �
�Pc

i¼1
ni
n log

ni
n �
Pc

j¼1
n̂j
n log

n̂j
n

, ð4:1Þ

where c is the number of clusters, ni denotes the number
of data points in the cluster Ci obtained by the clustering
algorithm, n̂j is the number of data points belonging to
the jth class of the true clustering, and nij denotes the
number of data points that are in the intersection between
Ci and the jth class. NMI ranges from 0 to 1. An NMI
score close to 1 indicates a good clustering quality.

ACC is defined such that [38, 39]

ACC¼ 1
n

Xn
i¼1

δðti,mapðciÞÞ, ð4:2Þ

where ti is the true cluster label, ci is the obtained cluster

label for xi, and δðx, yÞ¼ 1, i¼ j,

0, i≠ j:

�
The mapping

function map(*) matches the true class label and the
obtained cluster label. A larger ACC (ACC � ½0,1�)
indicates a better clustering performance.

The F-measure is computed such that [40, 41]

F ¼ 2∗P∗R
PþR

, ð4:3Þ

where P represents the Precision and R represents the
Recall. The F-measure also ranges from 0 to 1 and
indicates better clustering results when closer to 1.F I GURE 3 Data distribution of the GenerateNoise dataset
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4.3 | Clustering performance on the
datasets

To evaluate the performance of the spectral clustering
obtained by the proposed SC-LSM algorithm, we
compared SC-LSM with the following spectral clustering
algorithms:

(1) K-means: MATLAB function K-means;
(2) SC [20]: conventional spectral clustering algorithm;
(3) SC-DA [23]: local density adaptive similarity

measurement;
(4) SC-ST [22]: self-turning spectral clustering;
(5) SC-kNN [24]: spectral clustering based on kNN;
(6) SC-SNN [27]: spectral clustering based on the

closeness of shared nearest neighbors;
(7) SC-FSNN [30]: spectral clustering based on fast

search of natural neighbors; and
(8) SC-RkNN [31]: refining a kNN graph for a computa-

tionally efficient spectral clustering.

Table 3 shows the clustering results for each spectral
clustering algorithm according to the evaluation metrics
NMI (4.1), ACC (4.2), and F-measure (4.3) on the
datasets listed in Tables 1 and 2. We provide the best

TAB L E 1 Description of the datasets

Dataset Information Sparsity Nonzero ratios Attribute characteristics

GenerateNoise Synthetic data No 1.0000 Real

Lymphography Oncology Institute No 1.0000 Integer

Spect Cardiac diagnosis No 0.3115 Integer

Soybean Soybean disease diagnosis No 0.4851 Integer

Iris Pattern recognition No 1.0000 Integer, real

Wine Chemical analysis No 1.0000 Integer, real

Lung Biology No 1.0000 Real

ORL Face image No 1.0000 Integer

Isolet Letter of the alphabet No 0.9965 Real

Ionosphere Radar No 0.8809 Integer, real

Yeast Localization site of protein No 0.8759 Real

Monk Comparison of learning algorithms No 1.0000 Integer

Heart Heart Disease No 0.7510 Real

Segment Image segmentation No 0.8842 Real

Seeds Geometrical properties of kernels of wheat No 1.0000 Real

Control Synthetic control chart time series No 1.0000 Real

Letters Prediction of the letter category No 0.9738 Integer

PenDigits Pen-based recognition of handwritten digits No 0.8717 Integer

USPS Handwritten digit No 1.0000 Real

TAB L E 2 Properties of the datasets

Dataset Instances Dimensions Clusters

GenerateNoise 880 2 6

Lymphography 148 18 4

Spect 267 22 2

Soybean 47 35 4

Iris 150 4 3

Wine 178 13 3

Lung 203 3312 5

ORL 400 1024 40

Isolet 1560 617 26

Ionosphere 351 34 2

Yeast 1084 8 10

Monk 432 6 2

Heart 270 13 2

Segment 2310 19 7

Seeds 210 7 3

Control 600 60 6

Letters 20 000 16 26

PenDigits 10 992 16 9

USPS 9298 256 10
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TAB L E 3 Clustering results of the different methods on the datasets

Dataset K-means SC SC-DA SC-ST SC-kNN SC-SNN SC-FSNN SC-RkNN SC-LSM

GenerateNoise NMI 0.8969 0.9286 0.9063 0.9934 0.8845 0.9451 / 0.9908 0.9827

ACC 0.9284 0.9307 0.9063 0.9943 0.5852 0.5773 / 0.6557 0.9409

F-measure 0.9189 0.9496 0.9284 0.9977 0.9224 0.9558 / 0.9966 0.9829

Lymphography NMI 0.2063 0.2098 0.2223 0.1692 0.1853 0.1826 / 0.1963 0.2452

ACC 0.5608 0.5473 0.5000 0.4459 0.4392 0.4122 / 0.3851 0.5811

F-measure 0.6581 0.6380 0.6149 0.5771 0.6311 0.6363 / 0.6259 0.7074

Spect NMI 0.1224 0.1168 0.1145 0.2162 0.1414 0.1909 / / 0.2334

ACC 0.5993 0.6367 0.7903 0.8240 0.7116 0.7903 / / 0.8539

F-measure 0.6374 0.6778 0.7716 0.8305 0.7414 0.8041 / / 0.8469

Soybean NMI 0.8472 0.8472 0.8472 0.7935 0.7226 0.8893 0.8472 0.8011 1.0000

ACC 0.7234 0.7447 0.7660 0.7234 0.7234 0.7447 0.7234 0.7234 1.0000

F-measure 0.8827 0.8827 0.8827 0.8062 0.7699 0.9574 0.8827 0.7964 1.0000

Iris NMI 0.7582 0.7857 0.8449 0.8244 0.8366 0.8801 0.7777 0.8057 0.8851

ACC 0.8933 0.9000 0.9467 0.9333 0.9467 0.9400 0.9000 0.9067 0.9667

F-measure 0.8918 0.9057 0.9465 0.9400 0.9466 0.9667 0.8983 0.9048 0.9666

Wine NMI 0.4228 0.4228 0.4440 0.4372 0.4410 0.4375 0.4199 0.4284 0.4587

ACC 0.7022 0.6742 0.6629 0.7191 0.7135 0.7303 0.5506 0.7191 0.7303

F-measure 0.7148 0.7189 0.7173 0.7355 0.7379 0.7384 0.7259 0.7308 0.7397

Lung NMI 0.6336 0.7324 0.7264 0.5514 0.6933 0.7208 0.7163 0.6378 0.7374

ACC 0.6010 0.7931 0.5813 0.5517 0.6256 0.8276 0.8621 0.5961 0.8768

F-measure 0.9034 0.9049 0.8174 0.7102 0.8594 0.8887 0.9059 0.7747 0.8844

ORL NMI 0.7585 0.8133 0.6337 0.8270 0.7945 0.8162 0.8127 0.7839 0.8362

ACC 0.0825 0.0800 0.0350 0.0550 0.0775 0.0825 0.0125 0.0750 0.0825

F-measure 0.6114 0.6205 0.3954 0.6907 0.6907 0.7077 0.6326 0.6442 0.7239

Isolet NMI 0.7687 0.7598 0.7804 0.7900 0.7928 0.7953 0.8037 0.7883 0.7993

ACC 0.1147 0.1635 0.1013 0.1141 0.1365 0.1372 0.1436 0.1840 0.1603

F-measure 0.6943 0.7009 0.7321 0.7344 0.7464 0.7092 0.6586 0.6869 0.7200

Ionosphere NMI 0.1349 0.1439 0.1299 0.2348 0.1195 0.1299 / 0.0996 0.1400

ACC 0.7123 0.7037 0.7037 0.7350 0.7009 0.7066 / 0.6809 0.7151

F-measure 0.7177 0.7095 0.7148 0.7513 0.7065 0.7148 / 0.6872 0.7813

Yeast NMI 0.2825 0.2846 0.2629 0.2710 0.2745 0.2803 / 0.2765 0.2981

ACC 0.3450 0.2871 0.3080 0.2251 0.2156 0.2379 / 0.2190 0.2810

F-measure 0.4670 0.4436 0.4306 0.4182 0.4300 0.4466 / 0.4215 0.4756

Monk NMI 0.0817 0.0817 0.0817 0.0817 0.0817 0.0817 0.1179 0.0817 0.3573

ACC 0.6667 0.6667 0.0667 0.6667 0.6667 0.6667 0.6111 0.6667 0.7500

F-measure 0.6667 0.6667 0.6667 0.6667 0.6667 0.6667 0.6667 0.6667 0.7444

Heart NMI 0.0201 0.0061 0.0304 0.0438 0.0409 0.0467 0.0061 0.0385 0.0489

ACC 0.5926 0.5556 0.6074 0.6259 0.6222 0.6296 0.5556 0.6185 0.6333

F-measure 0.5884 0.6693 0.6693 0.6263 0.6225 0.6302 0.6693 0.6189 0.6687

Segment NMI 0.5769 0.1823 0.5020 0.6412 0.6648 0.6705 / 0.6608 0.6902

ACC 0.4199 0.1771 0.2900 0.3645 0.4494 0.3061 / 0.4671 0.5407

F-measure 0.6296 0.2730 0.5312 0.6812 0.7239 0.7363 / 0.7172 0.7757

(Continues)
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results for each spectral clustering algorithm for the
corresponding related parameters after repeated runs. If
necessary, we use “/” to indicate that no appropriate
parameters were found in the running algorithms to
calculate the results.

For the Soybean dataset, the performance of SC-LSM
is significantly better than those of the other algorithms
with NMI, ACC, and F-measure values of up to 1.0000,
as shown in Table 3.

Moreover, for the Lymphography, Spect, Wine,
ORL, Monk, Segment, and Seeds datasets, compared
with the other algorithms, our proposed algorithm
has the best performance for all three evaluation metrics.

From Table 3, we can see that, for the Iris, Lung,
Ionosphere, Yeast, Heart, and Control datasets, the
SC-LSM algorithm generally performs better than the
other algorithms, except that the results of some individ-
ual evaluation metrics are slightly worse than those of
the other algorithms.

For the GenerateNoise and Isolet datasets, the perfor-
mance of our proposed algorithm is slightly inferior to
other algorithms; however, the results of our proposed
algorithm do not differ from the optimal results when
compared with the NMI, ACC, and F-measure values of
the other algorithms.

In addition, Table 3 illustrates that the clustering
performance of our proposed SC-LSM algorithm is
generally superior to those of the other algorithms for
the large datasets, that is, Letters, PenDigits, and USPS.
These result indicate that the proposed SC-LSM
algorithm outperforms the six other comparison algo-
rithms overall in terms of the NMI, ACC, and F-measure,
which demonstrates the effectiveness of the proposed
algorithm.

5 | CONCLUSIONS

In this paper, we proposed a novel spectral clustering
algorithm based on the local similarity measure of shared
neighbors, called SC-LSM. The similarity measurement
of this algorithm is based on the Gauss kernel function
and the weights of the shared nearest neighbors in a
directed kNN graph. This measure exploits the local den-
sity information between the data points. The experiment
results on both synthetic and real-world datasets demon-
strate that the proposed SC-LSM algorithm achieves
improved performances compared with the other spectral
clustering algorithms, that is, K-means, SC, SC-DA,
SC-ST, SC-kNN, SC-SNN, SC-FSNN, and SC-RkNN.

TAB L E 3 (Continued)

Dataset K-means SC SC-DA SC-ST SC-kNN SC-SNN SC-FSNN SC-RkNN SC-LSM

Seeds NMI 0.7101 0.7110 0.6932 0.7028 0.7036 0.6899 0.5367 0.6537 0.7171

ACC 0.8952 0.9048 0.9000 0.8952 0.9000 0.8952 0.5810 0.8667 0.9143

F-measure 0.8954 0.9101 0.9052 0.8961 0.9002 0.8958 0.7040 0.8678 0.9136

Control NMI 0.7760 0.8238 0.8105 0.7963 0.8252 0.8245 0.8907 0.8075 0.8423

ACC 0.4133 0.3750 0.5200 0.4683 0.5567 0.3817 0.5567 0.3333 0.5683

F-measure 0.7428 0.7638 0.7582 0.8083 0.7930 0.7777 0.8344 0.7865 0.8352

Letters NMI 0.3692 0.4338 0.2641 0.3591 0.4648 0.4334 0.4819 / 0.4576

ACC 0.0799 0.0638 0.0632 0.0931 0.0826 0.0857 0.0715 / 0.1033

F-measure 0.3323 0.3574 0.2521 0.3259 0.4127 0.3640 0.4185 / 0.3927

PenDigits NMI 0.6370 0.5758 0.6029 0.7218 0.7476 0.7635 0.6856 0.7696 0.7748

ACC 0.3518 0.1687 0.3332 0.2532 0.2808 0.3100 0.3211 0.3505 0.3633

F-measure 0.7359 0.5707 0.6999 0.7986 0.8142 0.8296 0.7178 0.8259 0.8359

USPS NMI 0.6341 0.6501 0.4858 0.5645 0.8230 0.8515 / 0.8344 0.8585

ACC 0.4089 0.3180 0.2028 0.2567 0.2659 0.1886 / 0.3798 0.3780

F-measure 0.7464 0.7190 0.5677 0.5862 0.8478 0.8514 / 0.8579 0.8732

Note: “/” indicates that no appropriate parameters were found in the running algorithms to calculate the results for datasets. The relevance of the use of bold
emphasis in Table 3 means that the best results of these methods.
Abbreviations: ACC, clustering accuracy; K-means, MATLAB function K-means; NMI, normalized mutual information; SC, conventional spectral clustering
algorithm; SC-DA, local density adaptive similarity measurement; SC-FSNN, spectral clustering based on fast search of natural neighbors; SC-kNN, spectral

clustering based on kNN; SC-LSM, spectral clustering algorithm based on the local similarity measure of shared neighbors; SC-RkNN, refining a kNN graph for
a computationally efficient spectral clustering; SC-SNN, spectral clustering based on the closeness of shared nearest neighbors; SC-ST, self-turning spectral
clustering.
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