
Response to the Reviewer Comments:!!
We would like to thank the Review Board for the valuable input. We acknowledge and value your 
comments and we have taken them into advisement. After careful consideration, we have now put 
together a detailed response, as well as, identified some areas of potential focus. !
Please find enclosed a revised copy of our manuscript. Thank you for kind attention on this matter. !!
==========================================================================!
Review #1:!!
This paper presents a sequence clustering method based on shared near neighbors. The 
proposed method enables multi-label clustering and can be computationally efficient without 
compromising clustering validity. I think the idea behind this paper is interesting, with right 
motivation, rigid methodology, and thorough experiments. The paper is worth publishing in JISE. 
However, to improve the readability, the following points are needed to be addressed. 
1. In Sec. 2 Related Work, The authors mention “a family of SNN-based research work have been 
proposed”. However, there is a lack of commenting on these related studies. The authors may 
need to explicitly point out the distinctive improvement over the previous work.  !
Our response:!
==== (in reference to Sec. 2) ====!
As suggested by the reviewer #1, we give some comments, especially focus on the related works 
[27 — 31], to support our claim of “a family of SNN-based research work have been proposed.”!
In reference to the last two paragraphs of Sec. 2, we revise the paragraph and provide some 
supplementary discussion. !!
“Different from provisos work, in this paper, we first employ the SNN concept for sequence 
similarity  and derive single-label/multi-label sequence clustering results. We also make use of 
MBRs to reduce the amount of feature vectors, and the computation processing could be reduced 
without compromising clustering validity.”    !!!
2. What does the horizontal axis represent in FIg. 1 and Fig. 2? 
Our response:!
==== (in reference to Fig. 1 and Fig. 2) ====!!
The two figures (Fig. 1 and Fig. 2) are  “conceptual illustrations of sequence”.!
For example, in Fig. 1, if the sequence is a daily temperature sequence, then the horizontal axis is 
the “time (day)”, and the vertical axis represents the amplitude (degree on the Celsius scale). !!!
3. Fig. 3 is given without explanation.   
Our response:!
==== (in reference to Sec. 3) ====!
As indicated by the reviewer #1, Fig. 3 is given without explanation. We exclude the figure in our 
revised manuscript. !!!!
4. In Sec. 3.2, “the optimization criteria maximizes the inter-distance and minimizes the intra-
distance among Si.” Before the optimization criteria is used, it would be necessary to “normalize” 
the distance, right?  
Our response:!
==== (in reference to Sec. 3) ====!
As suggested by the reviewer #1, the definitions of inter-distance and intra-distance have been 
revised by considering the distance normalization (cf. Eq. 2 and Eq. 3).  !



!!!!
5. There seems no need to use subsections in Sec. 3.  
Our response:!
==== (in reference to Sec. 3) ====!
As suggested by the reviewer #1, we reformat the content in Sec. 3. No subsections remain in Sec. 
3.!!!!
6. In Sec. 4.1, “… lower bounding lemma …, as shown in Fig. 5”. However, Figure 5 seems not 
relevant to the lower bounding lemma.  
Our response:!
==== (in reference to Sec. 4) ====!
As indicated by the reviewer #1, Fig. 5 is not directly related to the lowering bounding lemma. We 
exclude the figure in our revised manuscript. !!!!
7. In Sec. 4.3, when describing the hierarchical method, it would be better to describe the 
algorithm/steps for the single-label case and then for the multi-label case in more detail, 
respectively.  
Our response:!
==== (in reference to Sec. 4) ====!
As indicated by the reviewer #1, we revise the paragraphs by introducing the hierarchical method 
in more details. The revised paragraphs are as follows. !!
“In the first method, we apply the single-linkage agglomerative algorithm to construct a dendrogram 
in which the pair-wise SNN distance is used for cluster proximity. Starting with individual objects as 
clusters, we successively merge two closet clusters until only one cluster remains. The merging 
process is graphically displayed by using a tree-like diagram (i.e., dendrogram). After we have 
constructed the dendrogram, we cut the hierarchy at the gap of largest distance to obtain clusters. 
For each sequence, we collect those corresponding cluster labels as the cluttering results.”  !!
8. In Sec. 4.3, “The following process is similar to that of hierarchical method.” The sentence is not 
clear. Does it mean "the subsequent process of the graph-based clustering method is similar to 
that of hierarchical method."? Please rephrase this sentence. 
Our response:!
==== (in reference to Sec. 4.3) ====!
As indicated by the reviewer #1, the paragraph has been replaced by the suggested revision as 
follows. !!
“The subsequent process of the graph-based clustering method is similar to that of hierarchical 
method.” !!
English wording suggestions: 
— (pp. 1)"... the computation processing can be reduced..." should be "...the computational 
complexity can be reduced..." 
— (pp. 2) in this work[3] -> in this work (space) [3].  
— (pp. 2) with crisp boundaries[3] -> with crisp boundaries (space) [3]. 
— (pp. 2) Similarity, probabilities …: Similarly, probabilities … 
— (pp. 3) Both cases are investigated in this paper: “Both cases” ? which case?  
— (pp. 3) “cures of dimensionality” -> curse 
— (pp. 5) Li and Lin proposed -> propose  
— (pp. 13) dedicate -> dedicated  



Our response:!
========!
As indicated by the reviewer #1, we have corrected the errors.  !!!!
==========================================================================!
Review #2:!!
This paper proposes a sequence clustering algorithm which can be applied on both single-label 
and multi-label clustering problems. It employs the concept of shared near neighbors as the 
similarity measure, and uses minimum bounding rectangles to reduce the number of feature 
vectors. !
Below are some detailed comments: !
1. It is better to move the figures to be close to the texts related to them. 
Our response:!
========!
Our manuscript was typeset by latex, in which the figures were located by the default setting. !
In the revised manuscript, we explicitly indicate the options of import graphics, such that the figures 
will be close to the texts related to them. !!!
2. Although the clustering results are described in the text, they still can be described in the caption 
of Fig.1 and Fig. 2 for better readability. 
Our response:!
========!
As indicated by the Reviewer #2, we have revised the captions of Fig. 1 and Fig. 2 for better 
readability. !!!
3. In Section 4.1, because different processes will generate different numbers of subsequences, it 
is better to show how many subsequences will be generated clearly. For example, suppose that 
the length of sequence Si is |Si|. We can divide Si into |Si|/w subsequences if these subsequences 
are not overlapped. On the other hand, we can also generate (|Si| - w + 1) subsequences if we 
move the sliding window only one unit each time. 
Our response:!
==== (in reference to Sec. 4.1) ====!
Usually, the “sliding window technique” means “to place the window at every possible position 
(offset) on the data sequence”. [Faloutsos]!
As suggested by the Reviewer#2, the paragraphs have been rephrased to avoid ambiguity, as 
follows.!!
“For each sequence S_i, we divide S_i into several subsequences by applying the sliding window 
of length w with single-element offset. That is, we generate (|S_i| - w + 1) subsequences.”!!
Reference:!
[Faloutsos] Christos Faloutsos, Searching Multimedia Databases by Content, Kluwer Academic 
Publishers, Norwell, MA, USA, 1996. !!!!
4. In the first paragraph of Section 4.3, which algorithm is selected to construct the dendrogram? 
Because different algorithms are possible to generate different results, authors may need to 
provide some discussions on this issue. 
Our response:!



==== (in reference to Sec. 4) ====!
As indicated by the reviewer #2, we revise the paragraphs by introducing the hierarchical method 
in more details. !
The revised paragraphs are as follows. !!
“In the first method, we apply the single-linkage agglomerative algorithm to construct a dendrogram 
in which the pair-wise SNN distance is used for cluster proximity. Starting with individual objects as 
clusters, we successively merge two closet clusters until only one cluster remains. The merging 
process is graphically displayed by using a tree-like diagram (i.e., dendrogram). After we have 
constructed the dendrogram, we cut the hierarchy at the gap of largest distance to obtain clusters. 
For each sequence, we collect those corresponding cluster labels as the cluttering results.” !
5. It is good if authors can explain how the energy concentration ratio r works in the proposed 
algorithm before the experiment section. 
Our response:!
==== (in reference to Sec. 4 and Sec. 5) ====!
1. The energy concentration property indicates that, most of ‘signal energy’ could be preserved by 
only using the first-d strongest coefficients of the DCT transform [Faloutsos][Hsu2014].  !!
2. We performed some experiments focusing on “ratio r”, and presented the results in Sec. 5.2, 
and Fig. 8, Fig. 9, Fig. 10, and Fig. 11. !!
3. More comprehensive study focusing on energy concentration property could be found in our 
previous work [Hsu2014]. !!!
Reference:!
[Faloutsos] Christos Faloutsos, Searching Multimedia Databases by Content, Kluwer Academic 
Publishers, Norwell, MA, USA, 1996. !
[Hsu2014] Jia-Lien Hsu, Yu-Shu Wu and I-Chin Wu, “A Hybrid Method for Sequence Clustering,” 
JOURNAL OF INFORMATION SCIENCE AND ENGINEERING, Vol. 30 , No. 5 , (September 
2014). !!!
6. It seems that the threshold setting of MBR algorithm is decided only according to MR. However, 
is the setting of α = 3 and β = 1, which reduces the number of MBRs more and still has a similar 
MR, a good choice of the CBF dataset? 
Our response:!
==== (in reference to Sec. 5.2) ====!
Usually, the performance of algorithm/method could be measured in terms of ‘efficiency’ and 
‘effectiveness’. Referring to Table 10, in this study, the ‘efficiency’ is measured by ‘elapsed time’, 
and the ‘effectiveness’ is measured by ‘validity (i.e., MR)’. Also, in our study, we prefer better 
clustering results even though we might have more amount of MBRs. That is the reason why the 
setting of ‘alpha = 1.5 and beta = 0.5’ is chosen as our ‘threshold setting’. !!!
7. Can the parameters w and k be selected automatically? Do we always need to try many pairs of 
them to find out the best one?  
Our response:!
==== (in reference to Sec. 5.2) ====!
In our opinion, the parameters of w and k are application-oriented and data-dependent. !
For now, we cannot provide some heuristics to determine the two parameters. In reference to Sec. 
6, the challenging issue has been included in the future work. !!!



Finding sequence clusters: A shared near

neighbors approach

⇤

Jia-Lien Hsu† and Tzu-Han Hsiao

Abstract

Sequence clustering is one of most fundamental topics which can be
applied in various research field. Most of previous work on sequence clus-
tering focus on the single-label clustering in which the whole similarity
of equal-length sequence is considered and measured by Euclidean dis-
tance function. However, intrinsic properties behind sequence demand
the multi-label clustering. In addition, the Euclidean distance in the high
dimensional space introduce the problem of dimensionality curse. There-
fore, in this paper, we employ the concept of shared near neighbors (SNN),
for sequence similarity, which will be integrated in multi-label clustering
process. Given a set of sequences, in our approach, we first apply the
sliding window technique and the DCT mapping on sequences to obtain
feature vectors. Those feature vectors, associated with the SNN similar-
ity, are further grouped by applying the graph-based clustering and the
hierarchical clustering, respectively. We also design a validity measure
and perform experiments to show the e�ciency and e↵ectiveness of our
approach. Meanwhile, those feature vectors are also approximated by the
minimum bounding rectangles (MBR). Due to the less amount of MBRs,
compared to all feature vectors, the computational complexity can be re-
duced according without compromising clustering validity.

Keywords: SNN, MBR, multi-label clustering, subsequences

clustering.

1 Introduction

Multi-label sequence clustering algorithms have become one of principal research
and the sequence clustering problem is a generic problem which can be applied
in many areas. For this reason, we are proposing a new multi-label clustering
method to cluster large sequence data sets. Our aim is to improve the clustering
quality, while reducing the computation time and cost.
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Figure 1: A conceptual illustration of sequences for the type 1 (single-label)
clustering.

As suggested by Liao [1], sequence clustering consists of two major processes,
i.e., similarity measure and clustering algorithms. The format of sequence data
could be raw-data-based, feature-based, or model-based. When viewing from an-
other standpoint, the sequence data could appear as either string-like or series-
like. Usually, string-like sequences are associated with the editing distance,
while series-like sequences are associated with the Euclidean distance. In this
paper, we focus on the latter case.

Sequences can be of either equal-length or variable-length; similarity could be
either the whole similarity or partial similarity. Examples are shown in Fig. 1.
All the sequences are of equal-length. Here, S1 and S2 belongs to the same
cluster due to the high degree of whole similarity, as well as S3 and S4. In
Fig. 2, a segment of S5, denoted by (a), is similar to a segment of S6, denoted
by (b). The segment (c) of S6 is also similar to the segment (d) of S7.

Note that, Fig. 1 and Fig. 2 are conceptual illustrations of sequence. For
example, if the sequence is a daily temperature sequence, then the horizontal
axis is the time (day), and the vertical axis represents the amplitude (degree on
the Celsius scale).

Most typical clustering algorithms are designed to resolve the hard and strict
partitioning clustering problem wherein, each object belongs to only one cluster,
also called the single-label clustering in this paper. In some situations, however,
it would be reasonable to assign more than one cluster label to a single object,
which is addressed by non-exclusive clustering or soft clustering [2].

Regarding the soft clustering, two major approaches are investigated, i.e.,
fuzzy clustering and probabilistic clustering. In the work [3], the authors pro-
vide a thorough discussion of fuzzy clustering. In the fuzzy clustering, every
object belongs to every clustering with a membership values. The resulting
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Figure 2: A conceptual illustration of sequences for the type 4 (single-label)
clustering.

algorithm, known as the fuzzy c-means algorithm, is one of the most widely
used fuzzy clustering algorithms and has been discussed extensively in the liter-
ature [4]. Similarly, probabilistic clustering techniques also provide probabilistic
(rather than deterministic) assignment of points to clusters. Two kinds of soft
clustering methods perform well especially when the data objects cannot be
partitioned into well-separate clusters with crisp boundaries [3]. Our motiva-
tion to the multi-label sequence clustering is to assign more than one labels to a
single sequence in which some parts of a sequence are similar to parts of other
sequences, as described in Fig. 2. In the meanwhile, fuzzy and probabilistic
clustering schemes are dedicated to deal with imprecision and uncertainty. In
the two clustering schemes, we often impose the addition constraint such that
the sum of weights or degrees for each object equal one. As a result, the fuzzy
or probabilistic clustering does not address multi-label situations. For example,
in Fig. 2, the sequence S1 is involved in both C1 and C2. It might be improper
to assign 50% degree to C1 and 50% degree to C2 with respect to S1. Instead,
the two schemes are most appropriate for avoiding the arbitrariness of assigning
an object to only one cluster when it may be close to several clusters [5].

Both of the single-label and multi-label clustering problem will be addressed,
to some length, in this paper. Based on the discussion above, we have assessed
that clustering algorithms can be grouped into four distinct categories, as shown
in Table 1. The case of type 1 is that of single-label clustering with the whole
similarity. This is considered as the basic problem. Our proposed method for
type 1’s problem primarily motivates the underlying ideas of this paper. In the
case of type 2, since we choose the Euclidean distance as the similarity measure
between sequences, it cannot be directly applied for two sequences of unequal
length. Note that, if the editing distance is chosen for string-like sequences,
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Table 1: Sequence property vs. clustering.

similarity \ length Equal-length Variable-length

Whole similarity Type 1 (single-label clustering) Type 2

Partial similarity Type 3 Type 4 (multi-label clustering)

Table 2: Some examples of clustering algorithms in four distinctions.

Methodology Algorithm (some examples)

Agglomerative clustering Single-link, complete-link, average-link
K-means family K-means, K-medoid, Fuzzy C-means
Density-based clustering DBSCAN, CLARANS, CURE
Graph-based clustering ROCK, Chameleon

the type 2 problem will be reasonable and usually known as global alignment.
Regarding to the case of type 3, the case of type 3 can be considered as a special
case of type 4. The case of type 4, on the other hand, is that of multi-label
clustering with the partial similarity, which is considered as the most general
case to the sequence clustering problem. Both cases (type 1 and type 4) are
investigated in this paper. An experiment study has also been supplied.

In the clustering algorithms, shown in Table 2, there are four finer distinc-
tions. When performing most of clustering algorithms, it is essential to have
the pairwise distance, proximity, or density, which relies on Euclidean distance.

Sequences in the raw-based format or in the feature-based format are gen-
erally represented as vectors in the high-dimensional space in which the associ-
ated similarity is measured by the Euclidean distance. However, the Euclidean
distance function in high-dimensional space endures the curse of dimensional-
ity [6, 7]. Specifically, as dimensionality increases, the volume of the space
increase rapidly and the data becomes increasingly sparse in the space that it
occupies. When dealing with clustering in higher-dimensional space, we may
not have enough data objects. Besides, the definitions of clustering and the dis-
tance between points, which are critical for clustering, become less meaningful.
In other words, with respect to the high-dimensional data sets, the tradition
Euclidean notion of density, which is the number of points per unit volume, be-
comes meaningless [5]. However, recent research indicates that the mere number
of dimensions does not necessarily result in problems, and the technique of non-
linear dimension reduction (NLDR) may be a possible alternative solution to
the curse of dimensionality, such as the manifold learning, isomap, and locally
linear embedding (LLE). In spite of applying NLDR with heavy computation
e↵ort, we make use of shared near neighbors (SNN), rather than traditional
Euclidean distance, as the proximity metric. In addition, the ranking results
remain useful to discern close and far neighbors, which the underlying clustering
algorithm may perform well [8] .
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In the work [9], upon investigating the problem, the authors are able to ob-
tain the preliminary results by making use of the quantization technique. While
the results are competent, they are not stable and sensitive to the parameter
setting.

In this paper, we continue working on the sequence clustering and employ
SNN similarity as an alternative to the Euclidean distance.

The rest of this paper is organized as follows: In Section 2, we have intro-
duced some related work on sequence clustering. In Section 3, we define the
problem, and in Section 4, we propose our method. Furthermore, we describe
the experiment setup and show our results in Section 5. In Section 6, we show
our conclusion of this paper.

2 Related Work

Some previous work on sequence clustering are summarized as follows. Based on
the discrete wavelet transform, Chaoalit et. al. [10] propose time series analysis
and mining methods and demonstrate their approach on several applications
in various domain. Keogh and Lin propose a time series representation called
SAX (Symbolic Aggregate approximation) for reducing dimensions of data [11].
Moreover, Keogh and Shieh extend SAX to iSAX for indexing and mining time
series data [12].

In the study [13], Lai propose a two-level clustering method. By applying
the SAX method, a sequence is presented as symbols for dimensional reduction.
Also, a density-based clustering method called the cluster a�nity search tech-
nique is chosen for the first level clustering [14]. By applying the same process,
the derived clusters from the first level clustering will be repeatedly combined
in the second level clustering to meet various requirements.

The discovery of highly-overlapping sequence segments (i.e., finding the theme)
has also been an emerging issue of concern. Li and Lin propose a method to
identify a theme of sequence [15], in which sequences are converted into symbols
by using SAX. The sliding window technique is then applied to cut the sym-
bols into segments. Then, a grammar-based inference method called Sequitur
is employed to identify those segmented symbols with a highly overlap. The
experiments demonstrate that themes of di↵erent lengths can be identified from
various data sets.

In some studies of subsequence clustering, the significance of subsequence
clustering has been criticized and controversial arguments have been reported.
Keogh et. al. [16] suggested the subsequence clustering is meaningless. Ac-
cording to the study [16], the process of forming a subsequence cluster usually
consist of applying the sliding window technique to cut sequences into sectional
components. If the sequence itself begins as relatively smooth or changes rel-
atively slow, then the resulting subsequence would be extremely similar, and
consequently, slowly changing subsequences are easily located and derived dur-
ing the clustering process, even though they are not really meaningful. However,
from another point of view [17], Chen presents an alternative distance measure
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and similarity between the temporal and the forms of sequences, and shows
meaningful subsequence clustering results.

Several works are proposed to solve the multi-label classification [18, 19, 20,
21, 22, 23]. Some of the approaches are based on machine learning method, such
as support vector machine [21], k-NN classification [23] or neural networks[22,
19]. In the work [19], the author design a multi-label extension of fuzzy ARTMAP,
which is a neuro-fuzzy hybrid algorithm. In the work [18], the authors propose
a clustering-based multi-label classification algorithm which can be applied for
determining image annotation as well as multimedia data.

Typically, data for clustering problem is single-label, in which a substantial
amount of previous work have been published. On the contrary, the previous
work on multi-label clustering seems quite limited, especially for subsequence
clustering. Nasierding et. al. [24] propose a framework for the multi-label im-
age classification. They first find the clusters of image data, and then train
the multi-label classifier accordingly. In the study of multi-label clustering by
Lukashevich et al. [25], an automatic music classification system, which uses
time slice and feature partitioning, is employed to convert a multi-label classifi-
cation problem into multiple single-label classification problems. In this method,
a piece of music is divided into multiple musical segments by capturing the tim-
bre, rhythm, and melody of each segment, in which the principal component
analysis is also applied for dimensional reduction. The experiments show that
the proposed method achieves about sixty percent precision in the F-measure
verification.

The concept of shared near neighbors clustering is proposed by Jarvis and
Patrick [26]. A family of SNN-based research work have also been proposed in
the following years. Yin et. al. solve the SNN complexity in high dimensional
data by pre-processing [27]. Bhavsar and Jivani apply the enclosure to reduce
the amount of neighbors and make SNN computation more e�cient [28]. Some
SNN-based applications have also been illustrated as follows. Ertoz et. al. use
SNN concept on finding topics in documents [29], and present their works on
earth science about sea level pressure [30]. In the work [30], Ertoz et. al. also
provide new method to exclude noise points and derive clusters with di↵erent
shape and size. Syamala et. al. use SNN concept on microarray data to group
genes by applying a density-based clustering method [31].

Di↵erent from provisos work, in this paper, we first employ the SNN concept
for sequence similarity and derive single-label/multi-label sequence clustering
results. We also make use of MBRs to reduce the amount of feature vectors, and
the computation processing could be reduced without compromising clustering
validity.

Hsu and Yang [32] propose a modified K-means algorithm for sequence clus-
tering. In the preliminary study, the authors propose a framework of sub-
sequence clustering for the multi-label case [9]. Instead of the quantization
techniques, in this paper, we make use of SNN similarity to solve the curse of
dimensionality which is originated from the subsequence mapping process of
multi-label clustering.
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3 Problem

Given a sequence set U = {S1, S2, . . . , Sm}, where Si =< a
(i)
1 , a

(i)
2 , . . . , an

(i)
i

>
is an order list of real numbers, and |Si| = ni.

Definition 1 (Euclidean distance). Given two sequences S1 and S2, and |S1| =
|S2| = n, the Euclidean distance between S1 and S2 is defined as:

dist(S1, S2) =

vuut
nX

j=1

(a(1)j � b
(2)
j )

2
(1)

where aj 2 S1 and bj 2 S2

Definition 2 (Intra-distance). Let c be a cluster, c = {X1, X2, . . . , Xg}, the
intra-distance is defined as:

intra-dist(c) =
1�g
2

�
X

1i<jg

dist(Xi, Xj) (2)

Definition 3 (Inter-distance). Let c1 and c2 be two separate clusters, c1 =
{X1, X2, . . . , Xg} and c2 = {Y1, Y2, . . . , Yh}. The inter-distance between c1 and
c2 is defined as:

inter-dist(c1, c2) =
1

g ⇥ h

gX

i=1

hX

j=1

dist(Xi, Xj) (3)

The sequence clustering problem is, given a set of sequences U = {S1, S2, . . . , Sm},
to assign Si into corresponding clusters, so that the optimization criteria maxi-
mizes the inter-distance and minimizes the intra-distance among Si.

More specifically, when considering the given sequences of equal-length with
the whole similarly, we indicate the case of type 1 as the the single-label clus-
tering. If the given sequences are of variable-length and associated with partial
similarity, we indicate the case of type 4 as the the multi-label clustering.

4 Method

As illustrated in Fig. 3, our approach consists of three modules. They include
the feature extraction module, the similarity measure module, and the clustering
module. The three modules will be detailed in the following subsections.

4.1 Feature Extraction

For each sequence Si, we divide Si into several subsequences by applying the
sliding window of length w with single-element o↵set. That is, we generate
(|Si| � w + 1) subsequences. For each subsequence, we apply DCT to obtain
the feature vector consisting of w coe�cients, and then we choose the first d
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Figure 3: An illustration of system architecture.
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coe�cients. As a result, each Si is mapped into several feature vectors in the
d-dimensional space.

In addition, we have the energy concentration property, which indicates that
most of signal energy could be preserved by only using the first d strongest
coe�cients of the DCT transform [7, 9]. When dealing with sequences, we are
able to only use first d coe�cients where small high-frequency components can
be discarded. Without losing most of the information, and the computation
e↵ort can be reduced accordingly.

Moreover, when applying DCT mapping, we have the lower bounding lemma
[7]. That is, if S1 is similar to S2, the corresponding vectors in the feature space
will be closed together.

Although we only choose first d-dimension coe�cients as feature vectors,
we still have a substantial amount of data. In this paper, we use minimum
bounding rectangle (MBR) to approximate the distribution of feature vectors.
The bounding process is rather simple, but quiet e↵ective. Referring to the
algorithm 1, for each sequence Si, we start the bounding process from the first
feature vector. If the distance between k -th vector and the (k + 1)-th vector is
less than a predefined threshold �, and the accumulated distance from the first
MBR vector to the (k + 1)-th vector is less than the threshold ↵, we consider
the k-th vector and the (k + 1)-th vector as belonging to a same group. From
here we will proceed to the next vector. If not, we halt the processing, and the
adjacent vectors will be grouped together and represented as an MBR. For the
remaining vectors, we repeat the same process to obtain corresponding MBRs,
as shown in Fig 4.

In addition, we provide the distance between MBRs, which will be needed
in the following processing module. Given two MBRs in the d-dimensional space,

denoted byMBR1 = {H(1), L(1)}, where the high-pointH(1) = (h(1)
1 , h

(1)
2 , h

(1)
3 , . . . , h

(1)
d )

and the low point L(1) = (l(1)1 , l
(1)
2 , l

(1)
3 , . . . , l

(1)
d ). Similarly,MBR2 = {H(2), L(2)},

where H(2) = (h(2)
1 , h

(2)
2 , h

(2)
3 , . . . , h

(2)
d ) and L(2) = (l(2)1 , l

(2)
2 , l

(2)
3 , . . . , l

(2)
d ). The

distance distMBR between MBR1 and MBR2 is defined as follows.

distMBR(MBR1,MBR2) =

vuut
dX

i=1

(mi)
2 (4)

where mi = 0, if l(2)i  l
(1)
i  h

(2)
i

= l
(1)
i � h

(2)
i , if h(2)

i  l
(1)
i

= l
(2)
i � h

(1)
i , if h(1)

i  l
(2)
i

In addition to feature vectors, we also provide MBRs for the clustering pro-
cessing. If using MBRs to represent sequences, the computation can be further
reduced without sacrficing too much clustering accuracy. We will also provide
some experimental results to support our observation in Section 5.
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Algorithm 1 MBR Algorithm.

Input: An ordered list of feature vectors p1, p2, . . . , pn of sequence S, two
thresholds ↵ and �.

Output: MBRs. (i.e., MBR1, MBR2, MBR3, . . . )
1: Initialize j = 1, accumulateddist = 0;
2: MBRj = {p1};
3: for k = 1 ! n� 1 do
4: if dist(pk, pk+1)  � and accumulateddist < ↵ then
5: MBRj = MBRj [ {pk+1}; . append pk+1 into MBRj

6: accumulateddist = accumulateddist + dist(pk, pk+1);
7: else
8: j = j + 1; . start the next MBR
9: MBRj = {pk+1};

10: accumulateddist = 0;
11: end if
12: end for

Figure 4: Feature vectors enclosed by MBRs.
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Figure 5: An illustration of shared near neighbors with respect to A and B.

4.2 Similarity Measure

As explained in Section 1, the similarity measure is commonly based on the
Euclidean distance which can not be directly applied in the high dimensional
space. Furthermore, after the DCT mapping on sequences, we observe that
the distribution of feature vectors is not usually in the spherical shape. With
respect to the non-convex shape distribution of data, most of typical clustering
algorithm will fail to achieve a reasonable accuracy. Also, in the work [8, 28], the
authors show that SNN-based similarity measure is more stable and is resistant
to non-convex shape of data distribution.

Instead of the Euclidean distance, we choose shared near neighbors as our
similarity measure. Given two feature vector X and Y in d-dimensional space,
the SNN similarity, denoted by SimSNN (X,Y ), is defined as follows:

SimSNN(X,Y ) = |NN(X) \NN(Y )| , if X 2 NN(Y ) and Y 2 NN(X) (5)

= 0, otherwise.

where NN(X) and NN(Y ) is the set of k-nearest neighbor of X and Y , respec-
tively. Note that k is the predefined parameter. As a result, the SNN-based
distance between X and Y can be defined as follows.

DistSNN (X,Y ) = k � SimSNN (X,Y ) (6)

As an example shown in Fig. 5, given k = 5, NN(A) = {B, V1, V2, V3, V4},
and NN(B) = {A, V2, V3, V4, V5}, then we have the SimSNN (A,B) = 3, and
DistSNN (A,B) = 2.

4.3 Clustering Module

In the clustering module, we have the hierarchical method and graph-based
method. In the first method, we apply the single-linkage agglomerative algo-
rithm [5] to construct a dendrogram in which the pairwise SNN-based distance is
used for cluster proximity. Starting with individual objects as clusters, we suc-
cessively merge two closet clusters until only one cluster remains. The merging

11



process is graphically displayed by using a tree-like diagram (i.e., dendrogram).
After we have constructed the dendrogram, we cut the hierarchy at the gap of
largest distance to obtain clusters. For each sequence, we collect those corre-
sponding cluster labels as the cluttering results.

Similarly, in the second method, we design a graph-based clustering method.
As described in Algorithm 2, we construct a graph, determine edge weight,
prune uncorrelated edges, and find the connected components as clusters. The
subsequent process of the graph-based clustering method is similar to that of
hierarchical method.

Algorithm 2 The Graph-based Clustering Algorithm with SNN.

Input: The pairwise SNN-based distance of objects (objects could be feature
vectors or MBRs), and two thresholds of k and kt where 0 < kt < k.

Output: The cluster labels of sequences
1: Construct similarity graph G = (V,E), in which the weight of edge (a, b) is

DistSNN (a, b)
2: Discard the edge whose weight is greater than the value of (k � kt)
3: Find the connected components as clusters C1, C2, . . .
4: For each sequence Si, collect the corresponding cluster labels, say, S1 =

{C2, C2, C2, C5, . . . }
5: (a) return the label of highest frequency, w.r.t. the single-label case.
6: (b) return all labels, w.r.t. the multi-label case.

5 Experiment

There are three major sites of providing experimental data for clustering and
classification, including The UCR Time Series Classification/Clustering Home-
page1, Time Series Data Library2, and UCI Machine Learning Repository3.
Most of data provided from the three sites are dedicated to the single-label
clustering or classification. In addition, since we argue that the nature of fuzzy
clustering is di↵erent from our multi-label clustering, the experimental data
designed for fuzzy clustering cannot be directly applied.

For the single-label clustering on sequences of equal-length, we use the syn-
thetic control (SC) dataset and Cylinder-Bell-Funnel (CBF) dataset available
at The UCR Time Series Classification/Clustering Homepage. As shown in Ta-
ble 3, the SC dataset contains six hundred sequences. There are six classes,
normal, cyclic, increasing trend, decreasing trend, upward shift, and downward
shift. The CBF dataset contains nine hundred and thirty sequences in the three
classes, i.e., cylinder, bell, and funnel.

Since we do not have any benchmark for the multi-label clustering algo-
rithm applying on sequences of variable-length, in this paper, we generate our

1
http://www.cs.ucr.edu/⇠eamonn/time series data/

2
http://datamarket.com/data/list/?q=provider:tsdl%20tag:trade

3
http://archive.ics.uci.edu/ml
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Table 3: The experiment data set.

name class sequence
length

number of data
sequence

Synthetic Control normal, cyclic, increasing
trend, decreasing trend,
upward shift, downward
shift

60 600

Cylinder-Bell-Funnel cylinder, bell, funnel 128 930

experiment dataset. The first dataset consists of one hundred sequences. Each
sequence is concatenated by one to three sequences randomly selected from SC
dataset. The second dataset is from CBF dataset.

Our experiment platform is the Intel Core i5-3570K Processor with 8GB
DDR3 RAM running on Windows 7 64-bit. All the codes are implemented by
Matlab 7.11.0.584 64-bit.

5.1 Validity

To measure the quality of clustering results, we use the Rand-index [33], denoted
by R, for validation, which can be applied on the single-label clustering, i.e.,
type 1 problem. Given the actual clustering Cact and the predicted clustering
Cpre, we use R to measure the degree of agreement between them.

For example, let X = {x1, x2, . . . , x6}, Cact = {{x1, x2, x3}, {x4, x5}, {x6}},
and Cpre = {{x1, x2, x3}, {x4, x5, x6}}. Consider each pair in X, there are four
cases as following:

– SS, if both belong to the same cluster in Cact and to the same cluster in Cpre.

– SD, if both belong to the same cluster in Cact and to di↵erent clusters in
Cpre.

– DS, if both belong to di↵erent clusters in Cact and to the same cluster in
Cpre.

– DD, if both belong to di↵erent clusters in Cact and to di↵erent clusters in
Cpre.

Let a, b, c, and d be the number of SS, SD, DS, and DD, respectively.
Continuing with the example in Table 4, we obtain a = 4, b = 0, c = 2, and
d = 9. The Rand-index R is defined as follows.

R =
(a+ d)

(a+ b+ c+ d)
(7)

Finally, we have R = 0.86. The larger R value is, the higher degree of
agreement between Cact and Cpre.
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Table 4: The paired matrix for Rand-index.
x1 x2 x3 x4 x5 x6

x1 SS SS DD DD DD
x2 SS DD DD DD
x3 DD DD DD
x4 SS DS
x5 DS
x6

Modified Rand-index

The R is designed for the single-label clustering. With respect to the multi-label
clustering, we extend the concept of R and purpose a modified Rand-index,
denoted by MR, to measure the agreement.

For a set of objects X = {x1, x2, . . . , xn}, Cact, and Cpre, we construct two
matrices Mact and Mpre as follows. The Mact is an n⇥ n matrix in which

Mact (i, j) =
|CL (xi) \ CL (xj)|
|CL (xi) [ CL (xj)|

(8)

The CL(xi) is a function which returns a set of all cluster labels assigned
to the object xi with respect to Cact. Similarly, the Mpre is constructed with
respect to Cpre.

Then, the MR is defined as follows.

error =
P

1i<jn
|Mact (i, j)�Mpre (i, j)|

,
�n
2

� (9)

MR = 1� error (10)

Note that, the MR can be applied for both cases (i.e., the single-label
clustering and the multi-label clustering), and is consistent to R for the single-
label clustering.

Example 1. Given the same data as that in the previous example, we construct
two matrices Mact and Mpre, as shown in Table 5 and Table 6. By applying
equation (10), we yield MR = 0.86 which is the same as the original version of
R.

Example 2. LetX = {x1, x2, . . . , x6}, Cact = {{x1, x2}, {x2, x4, x5}, {x3, x5}},
and Cpre = {{x1, x2, x3}, {x2, x4, x5}}, then we have Mact and Mpre shown as
Table 7 and Table 8. From equation (9) and equation (10), we have obtained
MR = 0.78.

14



Table 5: Mact matrix.
x1 x2 x3 x4 x5 x6

x1 1 1 0 0 0
x2 1 0 0 0
x3 0 0 0
x4 1 0
x5 0
x6

Table 6: Mpre matrix.
x1 x2 x3 x4 x5 x6

x1 1 1 0 0 0
x2 1 0 0 0
x3 0 0 0
x4 1 1
x5 1
x6

Table 7: Mact matrix for the multi-label clustering.
x1 x2 x3 x4 x5

x1
1/2 0 0 0

x2 0 1/2
1/3

x3 0 1/2
x4

1/2
x5

Table 8: Mpre matrix for the multi-label clustering.
x1 x2 x3 x4 x5

x1
1/2 1 0 0

x2
1/2

1/2
1/2

x3 0 1/2
x4 1
x5
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Table 9: Factors.
symbol meaning

w sliding window size
d feature vectors or MBRs in the d-dim. space
↵ threshold of MBR algorithm
� threshold of MBR algorithm
r energy concentration ratio
k k-NN set for calculating SNN similarity
kt edge-prunning threshold of graph-based clustering

5.2 Factors

In our approach, we need to determine several parameters in advance. These
factors, which may dominate performance, are summarized in Table 9.

Given a subsequence ST on sliding window w and the DCT-mapped vector
P = (p1, p2, . . . , pd), the energy concentration ratio, denoted by r, is defined as
follows.

r =
dX

i=1

pi
2

,
wX

i=1

pi
2 (11)

We first discuss the impact of r on the performance of our approach. The
results, in the Fig. 6 and Fig. 7, show the di↵erence between the original sequence
and the corresponding reconstructed sequence (which is obtained by applying
the inverse DCT on P ) on the SC dataset and on the CBF dataset, respectively.
The elapsed time of our approach is shown in Fig. 8 and Fig. 9. Fewer amount
of coe�cients (i.e., smaller r) indicate less accuracy but more e�ciency in terms
of computation time. There is always a trade-o↵ between the two conflicting
goals. Based on our results, we choose r = 0.8 for the SC dataset and the CBF
dataset.

More comprehensive study focusing on the energy concentration property
could be found in our previous work [9].

When applying the MBR algorithm in the feature extraction module, there
are two thresholds ↵ and � which dominate the amount of MBRs, as well as the
performance of our approach. Usually, the performance of algorithm/method
could be measured in terms of e�ciency and e↵ectiveness. Referring to Table 10,
in this study, the e�ciency is measured by elapsed time, and the e↵ectiveness is
measured by validity (i.e., MR). Also, in our study, we prefer better clustering
results even though we might have more amount of MBRs.

As shown in Table 10, we choose ↵ = 3 and � = 1.5 in the SC dataset
and ↵ = 1.5 and � = 0.5 in the CBF dataset, when performing the following
experiments.

16



0 10 20 30 40 50 60
0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

w

D
is

ta
n
c
e

 

 

0.7

0.8

0.9

1

r

Figure 6: Distance between the original sequence and the reconstruct sequence
vs. w (w.r.t. r, on the SC dataset).
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Figure 7: Distance between the original sequence and the reconstruct sequence
vs. w (w.r.t. r, on the CBF dataset).
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Figure 8: Elapsed time (of ”feature extraction module” + ”similarity measure
module”) vs. w (w.r.t. r, on the SC dataset).

Table 10: The threshold setting of MBR algorithm.

dataset amount of MBRs threshold setting MR elapsed time (sec.)

SC, w = 20, 24560 ↵ = 1.5,� = 0.5 90.28 19.0691
24600 feature vectors 17699 ↵ = 3,� = 1.5 93.77 11.8526

13290 ↵ = 4,� = 2 89.41 8.4544

CBF, w = 30, 24367 ↵ = 1.5,� = 0.5 82.09 19.3147
31620 feature vectors 15085 ↵ = 3,� = 1 80.78 12.4325

18025 ↵ = 4,� = 2 72.86 7.0815
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Figure 9: Elapsed time (of ”feature extraction module” + ”similarity measure
module”) vs. w (w.r.t. r, on the CBF dataset).

5.3 Experiment Results

In the following, we perform experiments of Type 1 and Type 4 with/without
MBR for the SC and CBF dataset, especially for kt and k .

Regarding the value of w, we have performed all experiments of various w.
Referring to the results in Table 11 and Table 12, we have w = 50 for the SC
dataset and w = 90 for the CBF dataset in the case of Type 1. And, we have
w = 20 for the SC dataset and w = 30 for the CBF dataset in the case of Type
4. Note that, when fixing the value of r, the value of d will be dependent on
the value of w.

We first discuss the experimental results of the graph-based clustering method.

5.3.1 Type 1 (whole-similarity and equal-length sequences) without
MBR

In the SC dataset, Fig. 10 and Fig. 11 show the clustering results versus kt/k.
Referring to the Fig. 10, when the kt/k tends to be zero, all objects tend to
belong to a single cluster. On the other hand, when the kt/k tends to be one,
most of edges in the graph would be pruned. As a result, in most cases, a
object likely belongs to itself. Therefore, the MR at the right most point can
be considered as a baseline, i.e., MR = 0.7 in the case.
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Figure 10: MR vs. kt/k (Type 1, w = 50, SC dataset).

Referring to the Fig. 11, it shows the elapsed time of our approach versus
kt/k. More experiment results and parameters are shown in Table 11.

Similarly, in the CBF dataset, Fig. 12 and Fig. 13 show the clustering results
versus kt/k. We may observe the same behaviors as in the SC dataset. Still,
more experiment results and parameters can be found in Table 12.

5.3.2 Type 1 with MBR

The clustering results and elapsed time of our approach are shown in Fig. 14 and
Fig. 15. Compared with Fig 10 and Fig 11, in the same parameter setting, we
achieve almost same MR and less elapsed time. We may say the MBR perform
e↵ectively, as expected. More results are shown in Table 11.

In the CBF dataset, the clustering results are shown in Fig. 16, Fig. 17, and
Table 12.

5.3.3 Type 4 (partial-similarity and variable-length) without MBR

In the SC dataset, the clustering results and elapsed time of our approach are
shown in Fig. 18 and Fig. 19, respectively.

In the CBF dataset, the clustering results and elapsed time of our approach
are shown in Fig. 20 and Fig. 21, respectively.
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Figure 11: Elapsed time vs. kt/k (Type 1, w = 50, SC dataset).
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Figure 12: MR vs. kt/k (Type 1, w = 90, CBF dataset).
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Figure 13: Elapsed time vs. kt/k (Type 1, w = 90, CBF dataset).
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Figure 14: MR vs. kt/k (Type 1 with MBR, w = 50, SC dataset).
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Figure 15: Elapsed time vs. kt/k (Type 1 with MBR, w = 50, SC dataset).
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Figure 16: MR vs. kt/k (Type 1 with MBR, w = 90, CBF dataset).

23



0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
1

2

3

4

5

6

7

8

kt/k

el
ap

se
d
ti
m
e
(s
ec
.)

 

 

10

15

20

25

30

35

k

Figure 17: Elapsed time vs. kt/k (Type 1 with MBR, w = 90, CBF dataset).
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Figure 18: MR vs. kt/k (Type 4, w = 20, SC dataset).

24



0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
3

4

5

6

7

8

9

10

11

kt/k

el
ap

se
d
ti
m
e
(s
ec
.)

 

 

10

15

20

25

30

35

k

Figure 19: Elapsed time vs. kt/k (Type 4, w = 20, SC dataset).
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Figure 20: MR vs. kt/k (Type 4, w = 30, CBF dataset).
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Figure 21: Elapsed time vs. kt/k (Type 4, w = 30, CBF dataset).

5.3.4 Type 4 with MBR

In the SC dataset, the clustering results and elapsed time of our approach are
shown in Fig. 22 and Fig. 23, respectively.

In the CBF dataset, the clustering results and elapsed time of our approach
are shown in Fig. 24 and Fig. 25, respectively.

5.3.5 Hierarchical Clustering

We also perform the previous experiments by applying the hierarchical cluster-
ings. The results of the SC dataset and the CBF dataset are shown in Table 13
and Table 14, respectively.

5.3.6 Summary

In the cases of Type 1 with/without MBR, both the hierarchical method and the
graph-based method have achieved a high accuracy on clustering. In the cases
of Type 4 with/without MBR, in general, the hierarchical method is better than
the graph-based method in the SC dataset. In the CBF dataset, the graph-based
method is better than the hierarchical method.

When applying MBR, the clustering accuracy almost remains the same, and
the elapsed time reduces significantly, as shown in Table 11, Table 12, Table 13,
and Table 14.
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Figure 22: MR vs. kt/k (Type 4 with MBR, w = 20, SC dataset).
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Figure 23: Elapsed time vs. kt/k (Type 4 with MBR, w = 20, SC dataset).
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Figure 24: MR vs. kt/k (Type 4 with MBR, w = 30, CBF dataset).

0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
2

3

4

5

6

7

8

9

kt/k

el
ap

se
d
ti
m
e
(s
ec
.)

 

 

10

15

20

25

30

35

k

Figure 25: Elapsed time vs. kt/k (Type 4 with MBR, w = 30, CBF dataset).
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Table 11: Results of the SC dataset.
method MR(%) elapsed time (sec.) w parameters

Type 1 92.38 20.8839 20 k = 25, kt = 10
Type 1 93.51 13.0906 30 k = 20, kt = 7
Type 1 90.24 7.0206 40 k = 15, kt = 4
Type 1 95.77 3.0794 50 k = 28, kt = 4

Type 1 with MBR 93.77 11.8562 20 k = 20, kt = 8
Type 1 with MBR 93.90 13.7538 30 k = 30, kt = 14
Type 1 with MBR 88.54 7.7320 40 k = 30, kt = 17
Type 1 with MBR 97.23 3.3399 50 k = 25, kt = 9

Type 4 84.39 4.0978 20 k = 10, kt = 3
Type 4 84.69 3.3090 30 k = 10, kt = 3
Type 4 84.06 3.6013 40 k = 30, kt = 10
Type 4 82.78 2.3213 50 k = 10, kt = 4

Type 4 with MBR 83.87 4.1408 20 k = 25, kt = 14
Type 4 with MBR 83.63 3.9312 30 k = 25, kt = 15
Type 4 with MBR 82.91 3.3528 40 k = 25, kt = 16
Type 4 with MBR 83.18 4.0918 50 k = 35, kt = 26

Considering the e�ciency, in general, the graph-based method is better than
the hierarchical method.

We also provide a comparison against the previous work [9]. Since there are
no experiment results of the CBF dataset in the work [9], we only illustrate the
results of the SC dataset. The results in this paper, shown in Table 15, are
better than those of previous work, and we believe the SNN measure performs
e↵ectively.

6 Conclusion

Although a substantial number of methods have been used to address single la-
bel clustering , and yet the study of multiple label clustering algorithms is still
attractive and promising. So far, the majority of work that has been done has
focused predominantly on single-label clustering in which the whole similarity
of equal-length sequence is considered and measured by the Euclidean distance
function. Our main purpose here is to design and develop multiple label cluster-
ing algorithms, which have not yet been thoroughly investigated. In addition,
the Euclidean distance in the high dimensional space introduce the problem of
dimensionality curse. As a result, in this paper, we employ the concept of shared
near neighbors, for sequence similarity, which will be fully integrated in a multi-
label clustering process. We start by applying the sliding window technique
and the DCT mapping on sequences to obtain feature vectors. Next, we apply
graph-based clustering and hierarchical clustering and we will regroup the fea-
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Table 12: Results of the CBF dataset.
method MR(%) elapsed time (sec.) w parameters

Type 1 74.17 29.7088 30 k = 35, kt = 24
Type 1 75.77 15.4068 40 k = 30, kt = 19
Type 1 87.70 11.7366 50 k = 30, kt = 19
Type 1 90.37 4.8017 60 k = 15, kt = 7
Type 1 92.82 7.1549 70 k = 30, kt = 19
Type 1 91.28 6.3890 80 k = 35, kt = 24
Type 1 99.71 6.1185 90 k = 35, kt = 22

Type 1 with MBR 82.09 19.3147 30 k = 35, kt = 23
Type 1 with MBR 82.86 11.2660 40 k = 25, kt = 14
Type 1 with MBR 82.54 13.5193 50 k = 35, kt = 23
Type 1 with MBR 79.70 11.1540 60 k = 35, kt = 23
Type 1 with MBR 91.30 4.3788 70 k = 20, kt = 11
Type 1 with MBR 75.10 6.3769 80 k = 35, kt = 24
Type 1 with MBR 93.89 5.8181 90 k = 35, kt = 23

Type 4 74.78 7.8896 30 k = 35, kt = 24
Type 4 78.37 3.7675 40 k = 30, kt = 19
Type 4 76.32 4.3014 50 k = 35, kt = 25
Type 4 75.83 2.0998 60 k = 25, kt = 16
Type 4 77.76 2.7535 70 k = 35, kt = 25
Type 4 73.70 1.3292 80 k = 25, kt = 17
Type 4 76.40 1.5500 90 k = 30, kt = 21

Type 4 with MBR 78.78 3.6457 30 k = 25, kt = 16
Type 4 with MBR 76.16 3.4515 40 k = 30, kt = 20
Type 4 with MBR 73.02 3.6714 50 k = 35, kt = 25
Type 4 with MBR 78.19 2.3042 60 k = 30, kt = 21
Type 4 with MBR 75.54 2.0093 70 k = 30, kt = 21
Type 4 with MBR 72.43 1.6220 80 k = 30, kt = 22
Type 4 with MBR 74.19 1.8882 90 k = 35, kt = 25
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Table 13: Hierarchical clustering results of the SC dataset.

method MR(%) elapsed time (sec.) w clusters

Type 1 92.09 225.9064 20 17
Type 1 95.14 62.9100 30 19
Type 1 98.00 19.1459 40 8
Type 1 98.48 5.0386 50 7

Type 1 with MBR 87.12 154.9891 20 19
Type 1 with MBR 97.37 59.8551 30 14
Type 1 with MBR 99.56 18.8116 40 8
Type 1 with MBR 97.28 5.0283 50 10

Type 4 84.32 28.1230 20 16
Type 4 87.27 10.2952 30 16
Type 4 88.68 4.7834 40 19
Type 4 86.31 2.5026 50 18

Type 4 with MBR 78.38 20.1188 20 9
Type 4 with MBR 81.14 9.8882 30 16
Type 4 with MBR 85.27 4.7438 40 20
Type 4 with MBR 82.66 2.4849 50 20

ture vectors that are associated with SNN. A validity measure has also designed
and we have provided experiments to show the e�ciency and e↵ectiveness of our
approach. We have also noted that feature vectors are approximated by mini-
mum bounding rectangles and that is simply because there are fewer amounts
of MBRs. When compared to all features vectors, the computation processing
can be reduced significantly without compromising clustering validity.

In the future, we will apply some nonlinear dimension reduction techniques
and clustering algorithms to achieve higher accuracy. Besides, we will intend
to develop some heuristics to determine parameters used in our approach, and
apply our approach on some applications, e.g. music sequences.
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