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A Fast Semi-Supervised Clustering Framework
for Large-Scale Time Series Data
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Abstract—Semi-supervised clustering algorithms have several
limitations: 1) the computation complexity of them is very high,
because calculating the similarity distances of pairs of exam-
ples is time-consuming; 2) traditional semi-supervised clustering
methods have not considered how to make full use of must-link
and cannot-link constraints. In the clustering, the contribution
of a few pairwise constraints to the clustering performance is
very limited, and some may negatively affect the outcome; and
3) these methods are not effective to handle high dimensional
data, especially for time series data. Up to now, few work touched
semi-supervised clustering on time series data. To efficiently clus-
ter large-scale time series data, we first tackle contract time
series clustering to produce the most accurate clustering results
under a contracted time. We propose a semi-supervised time
series clustering framework (STSC), which integrates a fast sim-
ilarity measure and a constraint propagation approach. Based
on the proposed framework, two valid semi-supervised clus-
tering algorithms including fssK-means and fssDBSCAN are
designed. Experiments on 11 datasets show that our proposed
method is efficient and effective for clustering large-scale time
series data.

Index Terms—Constraint propagation, semi-supervised learn-
ing, similarity measure, time series clustering.

I. INTRODUCTION

LARGE volumes of time series data ubiquitously exist
in a very broad range of fields, such as biology [1],

geology [2], medicine [3], finance [4], engineering [5], and so
on. In recent years, as developments in computer technol-
ogy have provided the basic infrastructure for fast access to
vast amounts of time series data, time series data mining has
become one of the most popular branches [6]–[8]. It can dis-
cover useful implied information and knowledge of the data,
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which can provide reasonable theoretical basis and technical
support for decision analysis [9]–[11].

In the data mining communities of time series, clustering
is an important issue to divide a given data into a set of
nonoverlapping clusters in some natural way without prior
knowledge. Due to its applicability, clustering has been widely
studied in the past two decades and a number of approaches
have been proposed, such as unsupervised subsequence learn-
ing method [12]–[14], model-based clustering [15], shape-
based algorithms [16], fuzzy algorithms [17], and consistent
algorithms [18]. To improve the accuracy of clustering, by
converting pairwise constraints provided by experts into prior
information, semi-supervised clustering is a popular way and
many methods have been advanced [19]–[23]. However, due
to the high-dimension and complexity of time series, few
work touched semi-supervised clustering on time series data.
Moreover, effectively comparing the similarity distances of
pairs of examples is critical, which could greatly affect
the clustering results. Up to now, lots of effective simi-
larity approaches have been advanced for time series data,
such as Euclidean distance (ED) [24], dynamic time warp-
ing (DTW) [25], edit distance [26], area-based shape distance
measure [27], set-based similarity measure [28], and adaptive
similarity measure selection strategy [29]. Among all similar-
ity measures, DTW is a competitive and popular method for
time series data.

Although most of the state-of-the-art clustering algorithms
obtained good results on lots of datasets based on DTW, they
still have several limitations.

1) The computation complexity of these approaches is very
high. One reason is that calculating the similarity dis-
tances of pairs of examples in a large-scale data is
time-consuming.

2) Conventional semi-supervised clustering methods did
not consider how to make full use of must-link and
cannot-link constraints. Limited by human resources, the
amount of pairwise constraints provided by experts for
semi-supervised clustering is usually small. In the clus-
tering, the contribution of a few pairwise constraints
to the performance is very limited, and some may
negatively affect the outcome.

3) These methods are not effective to handle high dimen-
sional data, especially for time series data.

In order to address the limitations of conventional clustering
algorithms, in this article, we first tackle contract time series
clustering, where we would like to produce the most accu-
rate clustering results under a contracted time. We propose
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a semi-supervised time series clustering framework (STSC),
which integrates a fast similarity measure and a constraint
propagation approach (CPA). Compared with traditional semi-
supervised clustering methods, STSC has following properties.

1) An approximate similarity measure is introduced to
improve the efficiency of clustering without sacrific-
ing the accuracy. In the clustering, we only need to
determine which one of the time series examples is
more similar to a given example instead of accurately
calculating the similarity distances between them.

2) To make best use of the pairwise constraints pro-
vided by experts, we advance a valid CPA to dis-
seminate the pairwise constraints. Next, based on
STSC, we design two semi-supervised clustering algo-
rithms including fast semi-supervised K-means algo-
rithm (fssK-means) and fast semi-supervised DBSCAN
algorithm (fssDBSCAN).

3) We evaluate proposed algorithms on eleven time series
datasets. Experiments show that our methods can dras-
tically reduce the computation time of clustering with
the good clustering results. To the best of our knowl-
edge, the proposed clustering method is the first one to
combine these two issues simultaneously.

The contribution of this article is fourfold. First, a fast
similarity measure strategy is introduced to evaluate the
approximate similarity between pairs of time series examples
without deteriorating the clustering results. Second, a CPA is
advanced to make full use of pairwise constraints provided
by experts. Third, we first tackle contract time series clus-
tering and propose a semi-supervised clustering framework
to reduce the time complexity of clustering and improve the
clustering accuracy. Fourth, based on the proposed clustering
framework, we design two clustering algorithms fssK-means
and fssDBSCAN.

The remainder of this article is organized as follows.
Section II introduces the related work. Section III advances our
proposed fast semi-supervised clustering framework with a fast
similarity measure and a pairwise CPA. In Section IV, fssK-
means clustering and fssDBSCAN clustering are designed
based on our framework. Section V is about experiments
and Section VI provides the conclusion and future work.
Table I clarifies the abbreviations and symbols in this article,
helping keep track of symbols’ meaning.

II. RELATED WORK

Semi-supervised clustering is a hot topic in machine learn-
ing research. Compared with traditional clustering meth-
ods, semi-supervised clustering tries to make use of side-
information provided by experts, and transforms these knowl-
edge into pairwise constraints to improve the clustering
performance. In the past few years, scientists have stud-
ied semi-supervised clustering from various perspectives. For
instance, Yu et al. proposed an incremental ensemble frame-
work for semi-supervised clustering in high dimensional
feature spaces. They made use of the advantage of the
random subspace technique and incremental ensemble mem-
ber selection process to perform high dimensional data [19].

TABLE I
SYMBOL TABLE

Anand et al. [30] introduced a semi-supervised framework for
kernel mean shift clustering that uses only pairwise constraints
to guide the clustering procedure. Liu et al. [31] proposed
a semi-supervised linear discriminant clustering, which con-
siders clustering and dimensionality reduction simultaneously
by connecting K-means and linear discriminant analysis.
Xiong et al. [32] studied an iterative active learning framework
to select pairwise constraints for semi-supervised clustering
and proposed a novel method for selecting the most informa-
tive queries. Wang et al. [33] proposed a constraint neighbor-
hood projection method to conduct semi-supervised clustering
with fewer labeled data points and deal with constraint
conflicts. Huang et al. introduced a technique named constraint
co-projections for semi-supervised co-clustering, which makes
use of the pair-wise constraints and constraint projections.
Their method can perform the object constraint projections and
feature constraint projections simultaneously [34]. However,
as human resources are costly and the side-information pro-
vided by experts is relatively limited, performance improve-
ment of clustering is undesirable. To make best use of pairwise
constraints provided by experts, Yu et al. [35] proposed
a transitive closure-based CPA to improve the clustering
results.

Since time series data has high dimension and much noise,
up to now just a few works touched semi-supervised clustering
on time series data. For instance, Zhou et al. [36] advanced
a weighted semi-supervised normalized cut algorithm (wSS-
NCut), which incorporates multiple distance measures and
constraints. To improve time series clustering, Dau et al. [37]
introduced a novel semi-supervised technique to set the
best warping window width ω of DTW similarity measure.
However, few work studied the neighbor space of time series
examples in pairwise constraints to make full use of the prior
knowledge provided by experts.
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Meanwhile, to enhance clustering results, effectively eval-
uating the similarity between pairs of examples is critical.
As time series data being high-dimensional, it is difficult
to effectively measure the similarity between two examples
due to the curse of dimensionality. Time series cluster-
ing critically depends on the choice of similarity measure
and it is generally believed that the choice of distance
measure is even more important than the clustering algo-
rithm itself [8], [38]. Recently, a number of researchers
have explored and introduced many similarity measures
for time series data, such as ED, DTW, or its variations
(e.g., DDTW, WDTW, and cDTW) [39]–[41], ERP [26],
PCA [42], move-split-merge (MSM) [43], and shape-based
distance [16], etc. Among all similarity measures, ED and
DTW are competitive and popular methods. However, the
drawback of ED is that it needs the compared time series
with the same length. DTW could measure two examples
with different length based on dynamic programming because
it could wrap the time to minimize the distance of two
examples.

Although DTW is widely used in measuring similarity of
time series and can produce good results in many datasets, its
prominent shortage is high computational cost [2]. In order to
accelerate the calculation of DTW, a few strategies have been
advanced. For example, LB_Kim [44] and LB_Keogh [25]
were proposed as two lower bounds (LBs) of DTW to speed up
the sequential scan search for a query. Salvador and Chan [45]
proposed a method called “FastDTW” to avoid the brute-force
dynamic programming approach in the calculation process
of DTW. When using their method, DTW can be calcu-
lated within O(n) but with a high constant factor. To speed
up clustering process, Zhu et al. [46] combined approximate
DTW (aDTW) with anytime algorithm and proposed anytime
clustering algorithm (ACA). In ACA users may interact with
the clustering and examine an answer at any time. As time
goes, the similarity distance between any two examples will
be updated by the ground-truth DTW in the end if ACA is
not interrupted. However, the aDTW in the ACA clustering
process could sacrifice the clustering performance to some
degree.

In addition, many approaches have been advanced to speed
up the clustering process. For instance, Mai et al. [47]
proposed an active density-based clustering algorithm, which
works under a restricted number of used pairwise similarities.
It adaptively selects the most informative pairwise lower-
bounding similarities to update with real ones to reconstruct
the result until the budget limitation is reached. This method
also sacrifices the clustering performance to some degree.
Later, they advanced an efficient anytime density-based clus-
tering algorithm (AnyDBC) for very large complex datasets
by reducing both the range query and the label propaga-
tion time of DBSCAN [48]. AnyDBC not only allows user
interaction but also can be used to obtain good approxima-
tions under arbitrary time constraints. Based on sampling,
Ding et al. [49] proposed a novel end-to-end time series clus-
tering algorithm (YADING) for large-scale time series data
with fast performance.

Fig. 1. Example of the fast similarity measure, where L1, L2, and L3 are the
similarity distances between A and B, A and C, and A and D, respectively.

III. PROPOSED SEMI-SUPERVISED CLUSTERING

FRAMEWORK

As we mentioned in the above, few existing semi-supervised
clustering algorithms consider how to efficiently and effec-
tively handle time series datasets. To address these two issues
simultaneously, we make full use of prior knowledge pro-
vided by experts as well as reducing the computation time
of clustering process to enhance the clustering results on time
series data.

A. Fast Similarity Measure

We notice that the ultimate goal of clustering is dividing the
time series data into several groups. To speed up the clustering
process, the similarity of two individuals does not always have
to be measured accurately. For instance, A, B, C, and D points
and their locations are given in Fig. 1. We see that an approx-
imate estimation is enough to figure out which one of B and
C is closer to A because distance(A, B) differs greatly from
distance(A, C). Only when two distances are almost the same,
such as distance(A, C) and distance(A, D), do we need to
calculate two distances accurately to make the decision about
whether C or D is closer to A.

Based on this idea, the approximate similarity mea-
sure (ASD) between any two examples could be fast obtained
by estimation. Specifically, ASD(X, Y) between two examples
X and Y could be evaluated by its upper bound (UB) and LB
of the ground-truth similarity distance (TSD) TSD(X, Y) as
follows:

TSD(X, Y) ≈ ASD(X, Y) = f (LB(X, Y), UB(X, Y)) (1)

where f (•) is a function. In the process of clustering, we gen-
erally use ASD to fast evaluate the similarity between any
two examples instead of its ground-TSD. When the difference
between two ASDs is too small as shown in (2), it is diffi-
cult to distinguish which one (X or Y) is closer to the given
example Z [similar to ASD(A, C) and ASD(A, D) in Fig. 1]

|ASD(X, Z)− ASD(Y, Z)| < δ. (2)

In this case, both ASD(X, Z) and ASD(Y, Z) should be
updated to the ground-TSD.

Based on this idea, we can apply it to many similarity mea-
sures for clustering. Since DTW is difficult to beat among
lots of similarity measures for time series data, its promi-
nent shortage is time-consuming. To speed up the clustering
without scarifying its performance, here we present a fast
DTW (fDTW) similarity measure. It includes two stages: first,
an aDTW between two samples is estimated based on its upper
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Algorithm 1 Calculation Approach of fDTW
1 Require
2 Input:
3 The dataset to be clustered
4 β: the parameter used to estimate the DTW
5 δ: the threshold parameter
6 Ensure
7 fDTW(xi,xj) = Computing_aDTW(xi,xj)
8 If fDTW(xi,xj) satisfy the condition (2)

then fDTW(xi,xj) = DTW(xi,xj)
9 Output: fDTW(xi,xj)

and LBs in the clustering process. Next, an updating princi-
ple is adopted to update the approximate similarity distance
between two examples with ground-TSD when the approxi-
mate similarity distance cannot determine which one of two
is much closer to another example. The basic process of our
fDTW strategy is described in Algorithm 1.

In Algorithm 1, fDTW first estimates the aDTW distance
between any two examples in the dataset (line 7). If aDTW
distance does not satisfy the need in the process of clustering,
it is updated by the ground-truth DTW distance (line 8).

To fast evaluate the aDTW similarity between two examples,
we adopt the upper and LBs of DTW [46]. Its definition is as
follows:

aDTW(X, Y) = LBDTW(X, Y)+ β × (UBDTW(X, Y)

− LBDTW(X, Y)) (3)

where X and Y are two examples of length n, fDTW stands
for fDTW, UBDTW stands for the UB of DTW, and LBDTW
stands the LB of DTW. They are defined as following:

UBDTW(X, Y) = ED(X, Y) =
√
√
√
√

n
∑

i=1

(xi − yi)
2 (4)

LBDTW(X, Y) =

√
√
√
√
√

n
∑

i=1

⎧

⎨

⎩

(xi − Ui)
2, if xi > Ui

(xi − Li)
2, if xi < Li

0, otherwise
(5)

where Ui and Li, respectively, represent the maximum value
and minimum value of time series Y in the warping range r,
they form a bounding envelope that encloses Y from above
and below

{

Ui = max
(

Y(i−r):(i+r)
)

Li = min
(

Y(i−r):(i+r)
)

.
(6)

The time complexity required to calculate the UB and
LB are both O(n). Hence, the time complexity of fDTW is
also O(n).

B. Constraint Propagation Approach

In semi-supervised clustering, it is expected that the clus-
tering result could be improved as pairwise constraints are
added. Theoretically, with the addition of human-provided
side-information, the rand index (RI) of the clustering result
should grow monotonously, but the actual situation is not
as expected. Actually, the actual improvement of clustering
results cannot meet the desired effect. With a few pairwise

Fig. 2. Trend of clustering performance in Earthquake dataset as the number
of pairwise constraints increases gradually.

constraints, the improvement of the clustering result is not
obvious and there are some fluctuations.

To illustrate this phenomenon, an experiment is carried out
on the Earthquake dataset. The experimental result is shown
in Fig. 2. Ideally, it is expected that the RI of the clustering
result would grow smoothly as more and more pairwise con-
straints are gradually added. However, this is not the case in
fact. Sometimes there is even a reverse effect that causes RI
to go down. We think the main reason of the fluctuation in
performance is that pairwise constraints provided by experts
are not full used, since implicit information of these constraints
cannot be partitioned into the clustering.

To make full use of pairwise constraints provided by experts,
we propose a CPA to disseminate the pairwise constraints.
In fact, the examples in the pairwise constraints provided by
experts and the examples closely related to them can be con-
sidered together. Before introducing CPA, we first give some
concepts.

Definition 1: Given the dataset D, for a time series exam-
ple q, its reverse nearest neighbors (RNNs), i.e., RNN(q) is
a subset of D. Each one in RNN(q) treat q as its nearest
neighbor [50]. The formal formula of RNN(q) is as follows:

RNN(q) = {p ∈ D|∀r ∈ D : Distance(p, q) < Distance(p, r)}.
(7)

According to the RNNs of an example, pairwise constraints
have following transitivity properties.

Lemma 1: Consider an example q and its RNN(q), we could
generate some pairwise constraints must-link(q, r), where r ∈
RNN(q).

Lemma 2: Given two pairwise constraints must-link(p, q)

and must-link(q, r), based on the transitivity, we can generate
a pairwise constraint must-link(p, r).

Lemma 3: Given a pairwise constraint must-link(p, q), we
can generate pairwise constraints must-link(c, q) and must-
link(p, r), where c ∈ RNN(p) and r ∈ RNN(q).

Lemma 4: Given a pairwise constraint cannot-link(p, q), we
can generate pairwise constraints cannot-link(p, r) and cannot-
link(c, q), where c ∈ RNN(p) and r ∈ RNN(q).

Solution 1: Integration. Given the dataset D and pairwise
constraints P0, based on CPA described in Lemmas 1–3, we
can build a few core groups, and in each group Di, any pair
of two examples is a musk-link constraint. That is to say,
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Fig. 3. Effect of the pairwise constraints for clustering on a simple
dataset. (a) Real distribution of a simple dataset. (b) Clustering result with
k-means. (c) Clustering result with k-means-based pairwise constraints pro-
vided by experts. (d) Clustering result with k-means-based pairwise constraints
provided by experts and CPA.

examples in each group have the same label, and they should
be divided into a cluster.

Solution 2: Segmentation. Given the dataset D and pairwise
constraints P0, based on CPA described in Lemmas 1 and 4,
we can build a few core groups. In any two different group Di

and Dj, where a ∈ Di and b ∈ Dj, there is a pairwise constraint
cannot-link (a, b). That is to say, all these core groups should
be divided into different clusters.

To illustrate the effect of pairwise constraints on datasets,
we give an example to cluster a simple dataset as shown in
Fig. 3. Since time series data is high dimension, we adopt
principal component analysis (PCA) to reduce it into two
dimensions for better presentation.

Fig. 3(a) is the real distribution of the simple dataset, there
is one cluster on the upper part and two clusters on the lower
part. However, in Fig. 3(b), the traditional clustering algo-
rithm divides the data on the upper part into two clusters
and the data on the lower part into one cluster. When a few
pairwise constraints are provided, some data are correctly clus-
tered but the improvement is not obvious, and the clustering
result is shown in Fig. 3(c). From this figure, we notice that
some data samples around pairwise constraints should also be
reclustered. Based on this idea, we apply CPA to the cluster-
ing algorithm. And the clustering result is shown in Fig. 3(d),
which is almost the same as the real distribution of the data in
Fig. 3(a).

The ultimate goal of CPA is to improve the clustering result
while saving human resources. Based on CPA, we can sup-
ply additional pairwise constraints. It could use limited cost
to improve the clustering performance by make full use of
the information provided by experts. The process of CPA is
shown in Algorithm 2. Specifically, for every must-link con-
straint, it applies Lemmas 1–3 to disseminate the must-link

Algorithm 2 CPA
1 Require:
2 Input:
3 Dataset D
4 pairwise constraints P0
5 Ensure:
6 P1 = φ
7 for every pairwise constraint must-link(xi,xj)∈ P0
8 Obtain their reverse nearest neighbors RNN(xi) and

RNN(xj)
9 Apply Lemma 1 to obtain pairwise constraints must-link(xi,

RNN(xi)) and must-link(xj, RNN(xj)), and add them to P1
10 Apply Lemma 2 to obtain pairwise constraints must-link(xi,

RNN(xj)) and must-link(xj, RNN(xi)), and add them to P1
11 for every pairwise constraint cannot-link(xi,xj)∈ P0
12 Obtain their reverse nearest neighbors RNN(xi) and

RNN(xj), and add them to P1
13 Apply Lemma 1 to obtain pairwise constraints must-link(xi,

RNN(xi)) and must-link(xj, RNN(xj)), and add them to P1
14 Apply Lemma 3 to obtain pairwise constraints cannot-

link(xi, RNN(xj)) and cannot-link(xj, RNN(xi)), and add them
to P1

15 Output: pairwise constraints P = P0 ∪ P1

pairwise constraints based on CPA (lines 7–10); For each
cannot-link constraint, Lemmas 1, 2, and 4 are used to gen-
erate new must-link and cannot-link constraints (lines 11–14).
Finally, it outputs all pairwise constraints including original
and generated pairwise constraints (line 15).

By this way, based on a few pairwise constraints to be pro-
vided by experts, we could supply enough implicit information
to further improve the clustering result.

Occasionally when there are contradictions among these
generated pairwise constraints, they can be handled according
to the following principles.

1) When there is a contradiction between the pair-wise con-
straints provided by human experts and those generated
by CPA algorithm, the pair-wise constraints provided
by experts have the priority, and they are adopted
to improve the clustering performance. At the same
time, those conflicting pairwise constraints provided by
CPA algorithm are overlooked, because they are not as
accurate and credible as human experts.

2) When there is a contradiction between two pair-wise
constraints generated by CPA, the first come first
serve (FCFS) strategy is adopted. With FCFS, the first
traversed pair-wise constraints will participate in the
clustering process and the late generated conflicting
constraints will be ignored.

C. Semi-Supervised Clustering Framework

Based on fDTW and CPA techniques, we first tackle con-
tract time series clustering, and propose a semi-supervised
clustering framework (STSC). The overview of the framework
is shown in Algorithm 3.

This framework takes the original dataset D with pairwise
constraints P0 as the input. First, STSC applies a CPA to dis-
seminate the pairwise constraints provided by experts (lines 6
and 7). Then, a clustering algorithm is executed to obtain the
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Algorithm 3 Framework of Semi-Supervised Clustering
Approach
1 Require:
2 Input:
3 The dataset D
4 The pairwise constraints P0
5 Ensure:
6 Apply constraint propagation approach in D based on pairwise

constraints P0 to obtain new pairwise constraints P1
7 P = P0 ∪ P1
8 Apply a clustering algorithm to obtain the result with fast

similarity measure and P
9 Output: the clustering results

Fig. 4. Example of calculating fDTW in fssK-means.

clustering result based on fast similarity measure and extended
pairwise constraints (lines 8 and 9).

The clustering is to minimize interdistances between any
pair of examples in each cluster and maximize the intradis-
tances between any two clusters while satisfying many pair-
wise constraints as much as possible. So, the global evaluation
function of clustering is as follows:

Q = argmin
Q

M
∑

i=1

N
∑

j=1

qij ∗ fDTW
(

Ci, xj
)

(8)

where

qij =
{

1, if fDTW
(

xj, Ci
) ≤ fDTW

(

xj, Cb
)

, 1 ≤ ∀b ≤ M
−1, otherwise

M and N are the number of clusters and the number of
examples of the dataset D, respectively.

IV. TWO FAST SEMI-SUPERVISED CLUSTERING

APPROACHES

In this section, we apply the proposed framework to
K-means and DBSCAN [49], and two clustering algo-
rithms including fssK-means and fssDBSCAN are designed.
Moreover, this framework is not limited to K-means and
DBSCAN algorithms, it can be applied to any distance-based
clustering algorithm with little or no modification.

A. fssK-Means Clustering

In a nutshell, K-means is a clustering algorithm that
attempts to find K nonoverlapping clusters. Based on the
proposed semi-supervised clustering framework, we extend
K-means to fssK-means to make it faster and more accu-
rate. A quick example is used to explain how to update
fDTW matrix in fssK-means. Fig. 4 represents a dataset with
two clusters. A1, A2, and A3 are three data samples, C1
and C2 are two cluster centers. Since the difference between
aDTW(A1, C1) and aDTW(A1, C2) is large, we can eas-
ily tell that A1 belongs to class C1. In this case, we need

Algorithm 4 fssK-Means Clustering Approach
1 Require
2 Input
3 Dataset D
4 The parameter threshold δ

5 Pairwise constraints P0
6 Ensure
7 Apply constraint propagation approach based on P0 to

obtain new pairwise constraints P1
8 P = P0 ∪ P1
9 S ← Build a few core groups with pairwise con-

straints P
10 D0 ← Construct an updated dataset D0 based on

solution 1 and 2
11 Do
12 Generate K cluster centers
13 Assign each example xi in the dataset D0 to one of

centers based on fDTW
{

14 if exists a cannot-link(xi,xj) in P
then assign xj to the another center different from

the center of xi based on solution 2
}

15 Until (stopping condition is satisfied)
16 Output: the clustering result

not update the distances aDTW(A1, C1) and aDTW(A1, C2).
Similarly, A3 could be divided into C2 with aDTW(A3,
C1) and aDTW(A3, C2) without updating its ground-truth
DTW. However, aDTW(A2, C1) and aDTW(A2, C2) are
almost the same. In this case, to judge which center is closer
to A2, we should further calculate their ground-truth distance
DTW(A2, C1) and aDTW(A2, C2) to update their aDTW
distances.

Moreover, we adopt CPA to disseminate the pairwise con-
straints provided by experts. Algorithm 4 presents a procedure
of fssK-means. In this algorithm, it first generates an extended
pairwise constraints based on CPA(lines 7–10), then according
to K cluster centers the data is divided into k groups based on
fDTW, solutions 1 and 2 (lines 11–14). The algorithm iterates
until it converges or satisfies the stopping condition (line 15).
Finally, it outputs the clustering result (line 16).

B. fssDBSCAN Clustering

Similarly, DBSCAN is extended to fssDBSCAN based
on our proposed semi-supervised clustering framework. The
example in Fig. 5 describes the fDTW in fssDBSCAN. Since
fDTW(A, B1) and fDTW(A, B2) are quite different from the
radius, we can easily tell that B1 is in the circle, and B2 is
outside. On the contrary, fDTW(A, B3) and fDTW(A, B4)
are close to the radius. To identify whether B3 or B4 is
in the area of A’s neighbor space, we should update their
ground-truth DTW distances instead of aDTW distances.

Based on the CPA, we augment pairwise constrains by
making full use of side-information provided by experts. The
pseudocode of the fssDBSCAN is described in Algorithm 5.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

HE et al.: FAST SEMI-SUPERVISED CLUSTERING FRAMEWORK FOR LARGE-SCALE TIME SERIES DATA 7

Fig. 5. Example of calculating fDTW in fssDBSCAN.

Algorithm 5 fss DBSCAN Clustering Approach
1 Require
2 Input
3 Dataset D
4 The parameter threshold δ
5 Pairwise constraints P0
6 Ensure
7 Apply constraint propagation approach based on P0 to obtain

new pairwise constraints P1
8 P = P0 ∪ P1
9 S ← Merging into super-examples with must-link pairwise

constraints of P
10 D0 ← Constructing an updated dataset D0 based on sup-

examples S
11 R← DBSCAN(D0, ε, MinPts) based on fDTW
12 R1 ← Adjusting clustering results R based on cannot-link

pairwise constraints in P
13 Output: the clustering results R1

In this algorithm, it first generates an extended pairwise con-
straints based on CPA. After that, it applies DBSCAN to the
dataset based on fDTW, and solution 1. Finally, the clustering
result is adjusted based on the cannot-link pairwise constraints.

V. EXPERIMENTS

To illustrate the performance of our proposed approaches,
in experiments all methods are evaluated using 11 real-
world datasets shown in Table II. These datasets come from
the open time series database UCR [51]. They are Adiac,
ECG5000, FaceALL, wafer, MALLAT, MedicalImages (MI),
Earthquakes, PhalangesOutlinesCorrect (POC), Strawberry,
wafer, yoga, and StarLightCurves (SLC). The length of the
time series is between 80 and 1024, the size of the datasets
is between 55 and 9236, and the number of classes of the
datasets is between 2 and 37.

In our experiments, the parameter k of K-Means algorithm
is set to the number of class labels of each dataset. For the
DBSCAN algorithm, the parameters minPts is set to 5 refer-
ring to the parameter setting for high-dimensional data in [48],
and the optimal parameter ε is determined based on k-dist
function proposed in [52]. In our semi-supervised learning
experiments, the number of data examples involved in the pair-
wise constraints is set to 10% of the size of the datasets if there
is no special description.

In the validation step, we employ three widely used crite-
ria to measure performance of clustering results. We evaluate
each method by calculating these criteria’s mean value after
ten runs. These criteria are briefly introduced below.

TABLE II
SUMMARY OF 11 DATASETS FOR OUR EXPERIMENTS

A. Rand Index

RI is commonly used to evaluate clustering results. Let us
say TP is the number of time series pairs that is divided into the
same cluster correctly, TN is the number of time series pairs
that is not and should not be divided into the same cluster,
FP is the number of time series pairs that is divided into the
same cluster but should not be divided into the same cluster,
and FN is the number of time series pairs that is not assigned
to the same cluster and should not be divided into the same
cluster. RI is defined as follows:

RI = TP+ TN

TP+ TN+ FP+ FN
. (9)

RI lies between 0 and 1, and higher RI value represents
better clustering performance.

B. Purity

The purity of the cluster is defined as a ratio between total
rough entropy and maximum total rough entropy of the cluster
where total rough entropy is sum of rough entropies on all the
attributes of the cluster. The purity of clustering result can be
calculated like this

Purity =
K

∑

i=1

mi

m
(10)

where K is the number of the classes, mi is the largest group
of data in the current class that really belong to the same class,
and m in the denominator is the total amount of data in the
current class. Purity lies between 0 and 1, and higher purity
value represents better clustering performance.

C. Normalized Mutual Information

The normalized mutual information (NMI) is one of the
most popular information theoretic measures for community
detection methods. Given the ground-truth result X with n clus-
ters X = {X1, X2, . . . , Xn}, and the result Y obtained by the
clustering algorithm with m clusters Y = {Y1, Y2, . . . , Yn}, the
NMI value is calculated as follows:

NMI(X, Y) = 2R = 2
I(X;Y)

H(X)+ H(Y)
(11)

where

I(X, Y) =
∑

x,y

p(x, y) log
p(x, y)

p(x)p(y)
(12)
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H(X) =
n

∑

i−1

p(xi)I(xi) =
n

∑

i−1

p(xi)logb
1

p(xi)

= −
n

∑

i−1

p(xi)logbp(xi). (13)

The process of normalization is to use entropy as the denom-
inator to adjust the value of mutual information between
0 and 1, and higher NMI also represents better clustering
performance.

D. Effect of Parameters in fDTW

In Section III, the process of computing fDTW includes two
main steps, in which two important parameters are involved.
In the first step, parameter β is adopted to obtain the esti-
mated distance measure according to the upper and LBs. In
the second step, parameter d is used to determine whether the
approximate similarity distance should be updated instead of
ground-truth DTW or not.

First, we analyze the threshold parameter δ used in (6).
Generally, if δ is too large, most of the estimated distance
measure will not be updated, including the wrong estimates,
which will lead to the decrease of the accuracy. On the other
hand, if δ is too small, there will be too many updating oper-
ations. It leads to too much time of computation, thus fDTW
strategy is meaningless.

In our experiment, δ is defined as a sigmoid function as
follows:

δ = 1

1+ e−γ
(14)

where γ represents the standard deviation of all aDTWs
between all pairs of examples.

Next, in order to specify the effect of the parameter β on
the estimating result, in-depth analysis of β is conducted with
experiments on 11 datasets. We use different β values to com-
plete the estimating operation, and compare the aDTW results
with the ground-truth DTW value to calculate the error rate.
The estimation error rate for a given dataset D is defined as
follows:

errβ(D) = 1

2n
∗

∑

xi,xj∈D

abs
(

DTW
(

xi, xj
)− aDTW

(

xi, xj
))

DTW
(

xi, xj
) .

(15)

According to the definition of the estimation error rate, an
appropriate β value for a given dataset D is obtained by min-
imizing the estimation error rate errβ(D). β can be described
as follows:

β = argminβ

(

errβ(D)
)

. (16)

In the experiments, we increase β from 0.05 to 0.95 with an
increment step of 0.05. The estimating error is calculated on
11 datasets for every given β. The results are shown in Fig. 6.
It shows that the estimate error of most datasets can reach
the bottom when β is in the range [0.2, 0.4]. For instance,
the lowest estimate error values of 0.285, 0.154, 0.203, and
0.150 on Adiac, Earthquake, ECG5000, and FaceAll datasets
are obtained when β is equal to 0.2, 0.3, 0.3, and 0.35.

Fig. 6. Relationship between β and the estimating error on 11 datasets.

TABLE III
TIME CONSUMPTION (IN SECONDS) OF FSSK-MEANS,

FSSK-MEANS(DTW), AND K-MEANS(ED)

A possible reason is that when β is between 0.2 and 0.4,
the relationship between DTW and its two bounds (UB and
LBs) can be adequately captured. Thus, β is set to 0.3 for the
following experiments.

E. Performance of fssK-Means and fssDBSCAN

To investigate the efficiency and effectiveness of fDTW,
we use the ground-truth DTW distance to replace the fDTW
in fssK-means and fssDBSCAN and denote them fssK-
means (DTW) and fssDBSCAN (DTW). Then, we compare
the time consumption and performance of fssK-means and
fssK-means (DTW), fssDBSCAN, and fssDBSCAN (DTW)
on 11 datasets. In addition, they are compared with baselines
methods K-means and DBSCAN using ED as the simi-
larity measurement. For simplification, they are denoted as
K-means (ED) and DBSCAN (ED), respectively.

First, we analyze the computation time of these algorithms
on 11 datasets, and the results are shown in Tables III and IV.
From Table III, we notice that the time consumption of fssK-
means is much less than fssK-means (DTW). For instance,
fssK-means (DTW) spent 233.7 s, 197.6 s, 228.2 s, and 171.9 s
on Adiac, ECG5000, MI, and POC datasets, respectively. They
cost more 141.4 s, 151.1 s, 176.5 s, and 111.8 s than the time
consumption of fssK-means on the same dataset, respectively.
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TABLE IV
TIME CONSUMPTION (IN SECONDS) OF FSSDBSCAN,

FSSDBSCAN(DTW), AND DBSCAN(ED)

Fig. 7. RI of clustering results of K-means(ED), fssK-means(DTW), and
fssK-means.

On the other hand, the computation time of fssK-means is
almost the same as that of K-means (ED) on most of the
datasets. For instance, the time cost for K-means (ED) on
Adiac, ECG5000, MI, and POC datasets are 122.1 s, 82.1 s,
92.7 s, and 37.1 s, respectively. The time cost differences
between fssK-means and K-means (ED) are just 29.8 s, 35.6 s,
41.0 s, and 23 s, respectively.

Similarly, Table IV shows that fssDBSCAN cost much less
time than fssDBSCAN (DTW) and is almost the same as
DBSCAN (ED). For example, fssDBSCAN cost less 68.5 s,
51.9 s, 45.6 s, and 182.2 s than fssDBSCAN (DTW) on Adiac,
ECG5000, MI, and POC datasets, respectively. The difference
between fssDBSCAN and DBSCAN (ED) are only 12.6 s,
4.5 s, 0.06 s, and 68.6 s on the same dataset, respectively.
Therefore, It shows that the computation complexity of fDTW
as same as that of ED in the clustering, and fDTW could
greatly reduce the computation time compared with DTW.

Meanwhile, the quality of the clustering results using
K-means(ED), fssK-means, and fssK-means(DTW),
DBSCAN(ED), fssDBSCAN, and fssDBSCAN(DTW)
on 11 datasets are shown in Figs. 7–12, respectively,
including RI, purity, and NMI.

From Figs. 7 to 12, we see that the quality of fssK-means
and fssDBSCAN is as well as fssK-means (DTW) and fss-
DBSCAN (DTW) on almost all datasets. For example, RI
of fssK-means (DTW) and fssDBSCAN (DTW) on Adiac
dataset is 0.682 and 0.633, respectively. They are just larger
than those of fssK-means and fssDBSCAN by 0.017 and
0.004, respectively. The purity of fssK-means (DTW) and
fssDBSCAN (DTW) on Adiac dataset is 0.789 and 0.582,

Fig. 8. RI of clustering results of DBSCAN(ED), fssDBSCAN (tDTW), and
fssDBSCAN.

Fig. 9. Purity of clustering results of K-means(ED), fssK-means(DTW), and
fssK-means.

Fig. 10. Purity of clustering results of DBSCAN(ED), fssDBSCAN (DTW),
and fssDBSCAN.

Fig. 11. NMI of clustering results of K-means(ED), fssK-means(DTW), and
fssK-means.

respectively. Compared with those of fssK-means and fssDB-
SCAN, the differences are just 0.008 and 0.002, respectively.
Similarly, the difference of NMI between fssK-means (DTW)
and fssK-means, fssDBSCAN (DTW) and fssDBSCAN on MI
dataset are just 0.006 and 0.027, respectively.

At the same time, the performances of fssK-means
and fssDBSCAN outperform those of K-means (ED) and
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Fig. 12. NMI of clustering results of DBSCAN(ED), fssDBSCAN (DTW),
and fssDBSCAN.

Fig. 13. Time consumption of two clustering algorithms on two datasets
with different scales.

DBSCAN (ED) on all datasets. For instance, the RI of fssK-
means and fssDBSCAN on Adiac dataset are 0.699 and 0.637,
respectively. They are 0.081 and 0.133 higher than those of
K-means (ED) and DBSCAN (ED), respectively. The purity
of fssK-means and fssDBSCAN on Adiac dataset are 0.797
and 0.584, they are 0.215 and 0.199 higher than those of
K-means (ED) and DBSCAN (ED), respectively. Similarly,
the NMI of fssK-means (DTW) and fssDBSCAN (DTW)
on Adiac dataset is 0.138 and 0.143 higher than those of
K-means (ED) and DBSCAN (ED), respectively.

To sum up, the experimental results show that fDTW
can largely accelerate the clustering process compared with
DTW. At the same time, fDTW does not reduce the cluster-
ing quality. Hence, it is a remarkable fact that the fDTW can
dramatically reduce the time cost without bringing down the
accuracy of clustering.

To further investigate the time complexity of fDTW on
large-scale time series data, fssK-means (DTW), and fssK-
means are tested as the size of data increases. We conduct
experiments on 11 datasets and the results are all similar. For
brevity, we only present the results of two datasets (wafer
and SLC) here. The results are shown in Fig. 13, which
shows that as the data size increase, the time consumption of
fssK-means (DTW) increases exponentially but the time con-
sumption of fssK-means increases linearly. Specifically, when

TABLE V
COMPARISON BETWEEN ACA AND FSSK-MEANS

the size of wafer dataset goes up to 1000 gradually, the time
consumption of fssK-means (DTW) increases from 0 to 390 s
while fssK-means increases from 0 to 103 s. Similarly, when
the size of SLC dataset increases to 9000, the growth rate of
the time consumption of fssK-means (DTW) is much higher
than that of fssK-means.

In addition, we compare fDTW with an approximation to
DTW, which could reduce the computation time of cluster-
ing. Based on the approximation to DTW, Zhu et al. [46]
introduced ACA. To be fair, we compare fssK-means with
ACA, which also adopts k-means clustering algorithm. Since
ACA is an anytime algorithm while our algorithm is a con-
tract algorithm, here we record the number of pairs needed
to update their ground-truth DTW in ACA in different stages.
The experimental results are shown in Table V (NUD stands
for the number of pairs needed to update their ground-truth
DTW (lower NUD means lower time consumption).

We can see that fssK-means can reach almost the same RI
as ACA with a much lower NUD on most of the datasets.
For example, RI of ACA on Adiac, Earthquakes, ECG5000,
and FaceAll datasets with 500 NUDs is 0.71, 0.61, 0.76, and
0.67, respectively. For fssK-means, RI of clustering results
on these datasets is 0.70, 0.62, 0.77, and 0.66, respectively,
which are almost the same as ACA. And the NUDs of fssK-
means is 85, 98, 89, and 132, respectively. Compared with
ACA, the NUDs of fssK-means is much lower, which means
the computation time of fssK-means is much less than that
of ACA when they obtain the same clustering quality. So,
fDTW could further enhance the efficiency of clustering com-
pared with an approximate similarity measure in ACA. The
reason is that fssK-means captures the relationship between
DTW and its upper and LBs fully while adopting an effec-
tively updating strategy to guarantee the accuracy. Thus, it
can achieve good performance with less cost of computation
time. Moreover, when using ACA, it is hard for users to stop
the program with a good clustering result at the right time.
On the contrary, fssK-means could efficiently obtain a good
clustering result without users’ interruption in the process of
clustering.
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Fig. 14. Clustering results of fssKmeans, fssDBSCAN, DCECP_Kmeans,
and HMRF_Kmeans on 11 datasets.

TABLE VI
TIME CONSUMPTION (IN SECONDS) OF FSSKMEANS, FSSDBSCAN,

DCECP_KMEANS, AND HMRF_KMEANS ON 11 DATASETS

In order to prove that our framework can achieve better clus-
tering results over traditional methods on high-dimensional
time series datasets, we compare fssK-means and fssDB-
SCAN with two state-of-the-art semi-supervised clustering
methods HMRF_Kmeans [20] and DCECP [23]. For DCECP
being a semi-supervised ensemble clustering method, to be
fair, we apply its semi-supervised clustering framework on
K-means clustering algorithm in our experiments and denote
it as DCECP_Kmeans. To test the clustering performance of
the algorithms when experts can only provide a small amount
of pair-constraints, the proportion of data examples involved in
the constraints are set to 5% of the size of the dataset for this
experiment. The results are shown in Fig. 14 and Table VI.

From Fig. 14, we see that the performances of fssKmeans
and fssDBSCAN algorithms obviously outperform those of
DCECP_Kmeans and HMRF_Kmeans on high-dimensional
time series datasets. For example, RI of fssK-means is 0.694,
0.702, and 0.823 on Adiac, Earthquake, and ECG5000 dataset,
respectively. They are 0.136, 0.179, and 0.243 higher than
those of DCECP_Kmeans, and 0.199, 0.252, and 0.234 higher
than those of HMRF_Kmeans, respectively; RI of fssDB-
SCAN is 0.637, 0.716, and 0.807 on Adiac, Earthquake, and
ECG5000 dataset, respectively. They are 0.079, 0.193, and
0.211 higher than those of DCECP_Kmeans, and 0.142, 0.266,
and 0.202 higher than those of HMRF_Kmeans, respectively.
When comparing fssK-means and fssDBSCAN, the results
show that these two methods have their own merits and short-
comings on different datasets. For example, RI of fssK-means

Fig. 15. Effect of pairwise constraints provided by experts and CPA on
ECG5000 dataset. (a) Real distribution. (b) Clustering result with K-means.
(c) Clustering result with K-means based on pairwise constraints provided
by experts. (d) Clustering result with K-means based on pairwise constraints
provided by experts and CPA.

is 0.057 and 0.032 higher than those of fssDBSCAN on
Adiac and ECG5000, respectively. However, RI of fssDB-
SCAN is 0.014 and 0.017 higher than those of fssK-means
on Earthquakes and FaceAll, respectively. However, both of
them outperform the traditional methods.

Moreover, Table VI shows that the time consumption of
our proposed fssKmeans and fssDBSCAN are much smaller
than that of DCECP_Kmeans and HMRF_Kmeans. For
example, the time consumption of fssKmeans, fssDBSCAN,
DCECP_Kmeans, and HMRF_Kmeans on SLC dataset is
1105.6 s, 1232.2 s, 2393.8 s, and 2147.3 s, respectively.
The time of proposed two methods is just a half time of
DCECP_Kmeans and HMRF_Kmeans. Therefore, the fast
clustering framework STSC proposed in this article can
be applied to various clustering algorithms to improve the
performance and speed of clustering.

F. Analysis of Constraint Propagation Approach

1) Visualization of the Effect of CPA: First, we visualize
the effect of CPA for the clustering. Since dimensions of
time series data is very high, we adopt principle component
analysis (PCA) to transform each time series example into
a two-dimensional (2-D) one and plot it in a 2-D plane. For
the sake of brevity, only ECG5000 dataset and wafer dataset
are visualized in this section, and CPA works on other datasets
is in a similar way.

According to the real distribution shown in Fig. 15(a),
ECG5000 has five clusters and most of them are divided into
three clusters (cluster A, B, and C). Cluster D and E just
contains a few examples, so we mainly focus on cluster A, B,
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Fig. 16. Effect of pairwise constraints provided by experts and CPA on
wafer dataset. (a) Real distribution. (b) Clustering result with K-means.
(c) Clustering result with K-means based on pairwise constraints provided
by experts. (d) Clustering result with K-means based on pairwise constraints
provided by experts and CPA.

and C. According to the clustering result obtained by K-means
algorithm shown in Fig. 15(b), the main problem is that clus-
ter B is too small and cluster C is too large. Fig. 15(c) shows
the clustering result of ECG5000 after pairwise constraints
provided by experts are added. Several points in class C are
forced into class B with pairwise constraints. However, the
effect is not obvious and the clustering results show little
improvement. To further mine the “representative information”
contained in pairwise constraints, we advance CPA to gen-
erate more pairwise constraints based on original constraints
provided by experts. In Fig. 15(d), a chunk of data on class
has been correctly clustered with CPA, and the clustering
result is competitive. It indicates CPA is effectively to improve
the clustering performance. Similarly, Fig. 16(a)–(d) are the
visualization of the wafer data set. According to the real distri-
bution of wafer on Fig. 16(a), the data on both side are cluster
A and the data on middle part is cluster B. Fig. 16(b) is the
clustering result obtained by K-means algorithm, the data on
the left side is cluster A and the data on the right side is cluster
B. Similar to ECG5000 dataset, the semi-supervised cluster-
ing result with pairwise constraints provided by experts shows
little improvement [Fig. 16(c)]. Adopting CPA, the clustering
result is much closer to the real distribution [Fig. 16(d)]. To
sum up, just a few pairwise constraints provided by experts
cannot greatly enhance the clustering result. On the other hand,
CPA could effectively disseminate the pairwise constraints,
which can largely improve the clustering result.

2) Analysis of RNN in CPA: In CPA, RNN technique is
adopted to generate more pairwise constraints. To investigate

TABLE VII
PROPORTION OF NUMBER OF RNNS IN DATASETS

TABLE VIII
TIME COST (IN SECONDS) OF CLUSTERING WITH

DIFFERENT AMOUNT OF RNNS IN CPA

the effect of CPA with different size of RNNs, in this section,
we do experiments on 11 datasets. Moreover, we also execute
experiments to compare traditional clustering algorithms with-
out pairwise constraints, with just pairwise constraints pro-
vided by experts, and with our proposed clustering algorithms
with CPA. The experimental results of fssK-means and fssDB-
SCAN are similar. For the limited space, here we just show
the clustering results with fssK-means in Tables VII and VIII,
and Fig. 17.

As we known, not all examples have equal number of RNNs
in a dataset. To determine the size of RNNs in CPA, we first
analyze the number of RNNS of examples in all datasets. The
proportion of examples with different amounts of RNN in all
datasets is shown in Table VII. It shows that most data exam-
ples have 0 RNN or 1 RNN. For example, 73.1% of the
data in Adiac, 72.7% of the data in Earthquakes, 72.6% of the
data in ECG5000, and 74.5% of the data in FaceAll have 0 or
1 RNN. Few data examples have 2 or more RNNs, for exam-
ple, 26.9% in Adiac dataset, 27.3% in Earthquakes dataset,
and 25.6% in FaceAll dataset.

At the same time, we compare the clustering results with
different amount of RNNs in CPA. For brevity, clustering algo-
rithms with different amount of RNNs in CPA is s abbreviated
as following.

1) KM-PC: K-means with fDTW and pairwise constraints
provided by experts.

2) KM-CPA1: K-means with fDTW and CPA, in which size
of RNN is set to 1.
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Fig. 17. Clustering result with different amount of RNNs in CPA.

TABLE IX
RI OF CLUSTERING RESULTS WITH FSSK-MEANS

3) KM-CPA2: K-means with fDTW and CPA, in which size
of RNN is set to 2.

4) KM-CPA3: K-means with fDTW and CPA, in which size
of RNN is equal to of more than 3.

In addition, we also do K-means with fDTW and no
pairwise constraints, which as noted as KM for short.

The comparative clustering results of these algorithms are
shown in Fig. 17. According to Fig. 17, three things can be
observed.

1) Only using pairwise constraints provided by experts
has little positive effect on improving the accuracy of
the clustering results, sometimes even has the opposite
effect.

2) With CPA, clustering performance becomes better on
most of the datasets. The reason is that CPA can capture
the useful information contained in the side-information
provided by experts and the structural characteristics of
the clusters. Thus, it can improve the clustering results
effectively.

3) There is little difference of the clustering performance
with different amounts of RNNs in CPA, and it is com-
petitive when the size of RNN is equal to 2. To sum
up, the result above shows that adding only few of pair-
wise constraints provided by experts has not a substantial
improvement in the results and our proposal CPA can
greatly improve the clustering performance.

Moreover, the time consumption of clustering with different
amounts of RNNs in CPA are compared in 11 datasets, and
the results are shown in Table VIII. We observe that adopting
pairwise constraints can slightly reduce the time consumption

(a)

(b)

(c)

(d)

Fig. 18. Clustering results of fssK-means, fssK-means (withoutCPA), fss-
DBSCAN, and fssDBSCAN (withoutCPA) on (a) Earthquakes, (b) ECG5000,
(c) Strawberry, and (d) wafer datasets with different proportion of pair-wise
constraints.

of the clustering process on all of the datasets. For example,
the time consumption of KM, KM-PC, KM-CPA1, KM-CPA2,
and KM-CPA3 on Adiac dataset is 139.5 s, 115.2 s, 97.9 s,
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TABLE X
RI OF CLUSTERING RESULTS WITH WSNNCUT

92.3 s, and 90.4 s, respectively. In a word, CPA can not only
reduce the time complexity of the algorithm, but also improve
the clustering results.

3) Analysis of the Effect of CPA: Here, we analyze
the effect of CPA in detail. First, fssK-means and fss-
DBSCAN are compared with fssK-means and fssDBSCAN
without CPA. The latter two algorithms are denoted as fssK-
means (withoutCPA) and fssDBSCAN (withoutCPA). We
conduct experiments on all datasets with different propor-
tion of pairwise constraints to analyze these algorithms, and
the results are all similar. For brevity, we only present the
clustering results of four datasets (Earthquakes, ECG5000,
Strawberry, and wafer) in Fig. 18.

From Fig. 18, we see that fssK-means and fssDBSCAN
outperform fssK-means (withoutCPA) and fssDBSCAN (with-
outCPA). For example, when the proportion of pairwise
constraints is 2%, 4%, and 6% on Earthquake dataset, RI
of fssK-means are 0.671, 0.697, and 0.709, respectively.
They are 0.010, 0.022, and 0.023 higher than those of fssK-
means (withoutCPA), respectively; when the proportion of
pairwise constraints is 2%, 4%, and 6% on Earthquake dataset,
RI of fssDBSCAN are 0.635, 0.652, and 0.661, respectively.
They are 0.020, 0.014, and 0.026 higher than those of fss-
DBSCAN (withoutCPA), respectively. Moreover, we notice
that although pair-wise constraints can improve the cluster-
ing results without using CPA, the effect is not obvious.
Sometimes there is even a reverse effect that causes RI value
to decrease, and the algorithms using CPA do not have such
problem. For instance, when the proportion of pairwise con-
straints is 2%, 4%, and 6% on ECG5000 dataset, RI value of
fssK-means increases steadily, it is 0.796, 0.821, and 0.823,
respectively. However, RI value of fssK-means (withoutCPA)
has a fluctuation; it first increases by 0.015 and then decreases
by 0.002. The clustering results on other datasets are similar.
In a word, fssK-means and fssDBSCAN perform better than
fssK-means (withoutCPA) and fssDBSCAN (withoutCPA) and
they are more stable. The reason is that CPA strategy could dis-
seminate the pairwise constraints provided by experts, which
effectively improves the clustering performance.

Next, CPA is compared to two state-of-
the-art semi-supervised methods in wSNNCut
framework [36] and DCECP [23], respectively. In wSNNCut,

TABLE XI
RI OF CLUSTERING RESULTS WITH DCECP

(a)

(b)

Fig. 19. RI of clustering results with fssK-means, wSNNCut, and DCECP
on (a) ECG5000 and (b) wafer datasets with different proportion of pair-wise
constraints.

it took a variety of similarity measures into account and
users can add some constraints to the clustering algorithm
based on the result of similarity measures. And in DCECP,
a constraint weighting process is adopted to select the most
useful pair-wise constraints provided by users. To be fair,
we compare fssK-means with wSNNCut and DCECP, which
adapt k-means clustering algorithm, and the RI of clustering
results are shown in Tables IX–XI.

From Tables IX to XI, we see that when the amount of
pairwise constraints provided by experts is small, fssK-means
outperforms wSNNCut and DECEP on most of the datasets.
For example, when the proportion of pairwise constraints
is 2%, 4%, and 6% on MI dataset, RI of the clustering
results with fssK-means are 0.667, 0.677, and 0.692, respec-
tively. They are better than those obtained by wSNNCut and
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DCECP. When more and more pairwise constraints are pro-
vided by the experts, RIs of fssK-means, wSNNCut, and
DCECP tend to be the same. For instance, when the propor-
tion is 12%, fssK-means, wSNNCut, and DCECP obtained the
same RI value (0.697).

In order to better present this result, we select two datasets
ECG5000 and wafer to draw the curve plot, as shown in
Fig. 19. We see that fssK-means outperforms wSNNCut and
DCECP when the proportion of the pairwise constraints pro-
vided by experts is low. When more and more manually
side-information is provided, the advantage of fssK-means
gradually weakens. The reason is that CPA could supply lots
of pairwise constraints to improve the clustering results when
there is only a small amount of pairwise constraints provided
by experts. As more and more pairwise constraints provided
by experts are added, the clustering becomes easier and eas-
ier, and the difference between two methods is very small. At
this time, the effect of CPA becomes less and less obvious,
but many pair-wise constraints need much cost. In general,
we try to improve the clustering result with little cost. So,
the results confirm that CPA is more effective than wSNNCut
and DCECP with a few of pairwise constraints provided by
experts.

VI. CONCLUSION AND FUTURE WORK

In this article, based on pairwise constraints provided by
experts, we first tackle contract time series clustering, and the
task is to produce the most accurate clustering results under
a contracted time. We propose an STSC framework, which
integrates a fast similarity measure and a CPA. The proposed
method has two advantages compared with conventional semi-
supervised clustering methods: 1) the time consumption of
our proposed algorithm is relatively small, and it does not
increase rapidly as the data size goes up and 2) based on CPA,
the accuracy of the clustering result can be greatly improved
with just a few pairwise constraints provided by experts. Last,
our framework is applied to K-means clustering algorithm
and DBSCAN clustering algorithm. The experimental results
clearly show that our proposed method can achieve efficient
and effective clustering results on time series data.

So far, constraints provided by experts mainly including
must-link and cannot-link pairwise constraints, which are
instance-level constraints. However, in general experts often
have global properties on some domain data, which is use-
ful for clustering. In future, we will research semi-supervised
clustering by incorporating expert guidance in the form of use-
fulness properties instead of pairwise constraints provided by
experts.
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