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Abstract
There are many application areas ranging from multimedia 
information processing to temporal data mining in temporal 
data which are all over in the world. There is a high amount of 
dependency among temporal data and the proper treatment of data 
dependency.  A temporal data clustering framework via a weighted 
clustering ensemble of multiple partitions is proposed to produce 
the initial clustering analysis which is based on unlike temporal data 
representations. In our approach, to reconcile the initial partitions 
to candidate the consent partitions from different perspectives, a 
novel weighted consent function guided by clustering validation 
criteria is proposed and then introduce an agreement function to 
further reconcile those candidate consensus partitions to a final 
partition. As a result, for the joint use of various representations, 
the proposed weighted clustering group algorithm provides an 
effectual facilitating technique, which reduce the information 
loss in a single representation and exploits various information 
sources underlying temporal data. However, our approach tends 
to confine the essential structure of a data set. Our approach has 
been evaluated with standard time series, motion path, and time-
series data stream clustering tasks. For a variety of temporal data 
clustering tasks the results demonstrate that our approach yields 
favorite results.
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I. Introduction
To discover the essential structure and compact information over 
temporal data a temporal clustering analysis provides a successful 
way by exploring vibrant regularities essential temporal data in an 
unverified learning way [1-2]. To partition an unlabeled temporal 
data set into clusters is the ultimate objective, so that sequences 
grouped in the same cluster are coherent [3, 5]. In clustering 
analysis there are two core problems, i.e., model selection and 
grouping. To form a cluster matching an underlying distribution, 
the number of intrinsic clusters underlying a temporal data set that 
the former seeks a solution that uncovers, while the latter demands 
a proper grouping rule that groups coherent sequences together. An 
extremely difficult unofficial learning task is clustering analysis 
[4]. It is inherently an ill-posed problem and its solution often 
violates some common assumptions. 

Fig. 1: Architecture of Temporal Data Clustering

In particular, recent studies reveal that due to the high 
dimensionality and complex temporal correlation, the temporal 
data clustering poses a real challenge in temporal data mining 
which is shown in Fig 1. The temporal-proximity-based, model-
based, and representation-based clustering algorithms are the 
three temporal data clustering algorithms [6-7]. Therefore, by 
means of temporal similarity measures, the temporal correlation 
is dealt with directly during clustering analysis [8-9]. In contrast, 
to capture the data dependency a representation-based algorithm 
converts temporal data clustering into static data clustering by 
using a parsimonious representation. Based on a temporal data 
representation an existing clustering algorithm is applicable to 
temporal data clustering [10]. 

II. Various Temporal Data Representations
From different perspectives various temporal data representations 
have been proposed. To our knowledge, all kinds of temporal data 
is perfectly characterizes as there is no universal representation; 
one single representation tends to encode only those features well 
presented in its own representation space and inevitably incurs 
useful information loss [11]. Furthermore, to present a given 
temporal data set properly it is difficult to select a representation 
without prior knowledge and a careful analysis. Clustering ensemble 
algorithms have been recently studied from different perspective 
as an emerging area in machine learning and optimization via 
semi definite programming. To produce a consensus partition 
expected to be superior to that of given input partitions, the basic 
idea behind clustering ensemble is combining multiple partitions 
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on the same data set [12]. To overcome the fundamental weakness 
of the representation-based temporal data clustering analysis, 
we present an approach to temporal data clustering with various 
demonstrations. A novel weighted clustering group algorithm is 
proposed for a two stage reconciliation process as initial clustering 
analysis can be done by any existing clustering algorithms [13] 
[14]. In our proposed algorithm, to candidate consensus partitions 
according to various clustering validation criteria, a weighting 
consensus function reconciles input partitions. Finally, for a 
variety of temporal data clustering tasks as well as its easy-to-use 
nature as all internal parameters are fixed in our simulations and the 
effectiveness and the efficiency of our model are demonstrate. 

III. Interrelated Work on Temporal Data Illustration
In our approach, the use of different temporal data representations 
plays an important role in cutting information loss during 
representation extraction. The temporal data representations 
acquired from different domains tend to be complementary [15]. 
In our paper, to demonstrate our idea in cutting information loss we 
simply use four temporal data representations of a corresponding 
nature. We anticipate that our approach would be enhanced 
once the representation-related problems are tackled efficiently.  
The quality of input partitions and a clustering group scheme 
depends upon the performance of a clustering group. First, a key 
factor responsible for the performance is the initial clustering 
analysis. The good performance demands the property that the 
inconsistency of input partitions is small and the best “mean” 
is close to the essential “mean,” i.e., the ground truth partition 
according to the first term. Hence, to produce input partitions 
of such a property, appropriate clustering algorithms need to be 
chosen to match the nature of a given problem, apart from the 
use of different representations. During initial clustering analysis 
it can be integrated by using appropriate clustering algorithms 
when domain knowledge is available. Moreover, to produce 
input partitions reflecting its intrinsic structure the structural 
information underlying a given data set may be exploited. The 
“abstract” similarity used in our weighted clustering ensemble will 
inherit them during combination of input partitions as long as an 
initial clustering analysis returns input partitions encoding domain 
knowledge and characterizing the intrinsic structural information. 
In addition, the weighting scheme in our algorithm also allows any 
other useful criteria and domain knowledge to be integrated.

IV. Results
Usage of temporal data representations plays a significant role in 
cutting information loss during representation extraction which 
is a fundamental limitation of the representation-based temporal 
data clustering. Temporal data representations which are acquired 
from different domains have a tendency to be complementary. To 
demonstrate our idea in cutting information loss we simply use 
four temporal data representations of a complementary nature. We 
have concentrated on the representation-related issues including 
the development of novel temporal data representations and the 
selection of representations.

V. Conclusion
A temporal data clustering by using a weighted clustering together 
on different representations is proposed in this paper and further 
present a useful measure based on a formal clustering ensemble 
analysis to understand clustering group algorithms. Simulation 
gives an idea about a variety of temporal data clustering tasks 
in terms of clustering quality and model selection our approach 

yields favorite results. As a generic framework, to generate a new 
weighting scheme our weighted clustering ensemble approach 
allows other validation criteria to be incorporated directly as 
long as they better reflect the intrinsic structure underlying a data 
set. In addition, a tedious parameter tuning process and a high 
computational complexity does not suffer from our approach. Thus, 
a promising yet easy-to-use technique for real world applications 
is presented in our paper.
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