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Abstract
Clustering of sequences or time series is concerned with grouping 
a collection of time series (or sequences) based on their similarity. 
Clustering is of particular interest in temporal data mining since 
it provides an attractive mechanism to automatically find some 
structure in large data sets that would be otherwise difficult to 
summarize (or visualize). There are many applications where a 
time series clustering activity is relevant. We present an approach to 
temporal data clustering with different representations to overcome 
the fundamental weakness of the representation-based temporal 
data clustering analysis. Our approach consists of initial clustering 
analysis on different representations to produce multiple partitions 
and clustering ensemble construction to produce a final partition by 
combining those partitions achieved in initial clustering analysis. 
While initial clustering analysis can be done by any existing 
clustering algorithms, we propose a novel weighted clustering 
ensemble algorithm of a two stage reconciliation process. In our 
proposed algorithm, a weighting consensus function reconciles 
input partitions to candidate consensus partitions according to 
various clustering validation criteria. Then, an agreement function 
further reconciles those candidate consensus partitions to yield 
a final partition.
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I. Introduction
Due to rapid increase in storage of data, the interest in the discovery 
of hidden information in databases has exploded in the last decade. 
This discovery has mainly been focused on association rule mining, 
data classification and data clustering. One major problem that 
arises during the mining process is treating data with temporal 
feature i.e. the attributes related with the temporal information 
present in the database. This temporal attribute require a different 
procedure from other kinds of attributes. However, most of the 
data mining techniques tend to treat temporal data as an unordered 
collection of events, ignoring its temporal information. 
Temporal data mining is an important extension of the data mining 
& it is non-trivial extraction of implicit, potentially useful and 
previously unrecorded information with an implicit or explicit 
temporal content, from large database
Basically temporal data mining is concerned with the analysis of 
temporal data and for finding temporal patterns and regularities in 
sets of temporal data. Also temporal data mining techniques allow 
for the possibility of computer driven, automatic exploration of 
the data. Temporal data mining has led to a new way of interacting 
with a temporal database: specifying queries at a much more 
abstract level than say, Temporal Structured Query Language 
(TSQL) permits (e.g., [16-17]). It also facilitates data exploration 
for problems that, due to multiple and multi-dimensionality, would 
otherwise be very difficult to explore by humans, regardless of 
use of, or efficiency issues with, TSQL.

Temporal data mining tends to work from the data up and the 
best known techniques are those developed with an orientation 
towards large volumes of time related data, making use of as much 
of the collected temporal data as possible to arrive at reliable 
conclusions. The analysis process starts with a set of temporal 
data, uses a methodology to develop an optimal representation of 
the structure of the data during which time knowledge is acquired. 
Once Temporal knowledge has been acquired, this process can be 
extended to a larger set of the data working on the assumption that 
the larger data set has a structure similar to the sample data.

Temporal data mining tasks include:• 
Temporal data characterization and comparison,• 
Temporal clustering analysis• 
Temporal classification,• 
Temporal association rules,• 
Temporal pattern analysis, and• 
Temporal prediction and trend analysis.• 

A. Temporal Data

1. Static Data
This type of temporal data has Zero temporality i.e. static data are 
free from any temporal reference. Inferences that can be derived 
from this data are free from any temporality.
Sequences
Sequences are ordered sequence of the events or transaction. 
Though there may not be any explicit reference to time, there exists 
a sort of qualitative temporal relationship between data items. In 
any transactional data if a transaction appears before another, it 
implies that the former transaction has occurred before the latter. 
In this type of temporal data have the temporal relationship like 
before, after, during, meet and overlap etc. Such relationships are 
called qualitative relationship between time events.

2. Time Stamped
This category of the temporal data has explicit time related 
information. Relationship can be quantitative i.e. we can find the 
exact temporal distance between data element. The inference made 
through this type of data may be temporal or non temporal.

3. Time Series
Time series data is special case of the time stamped data. In time 
series data events have uniform distance on the time scale.

4. Fully Temporal
Data of this category is fully time dependent. The inferences are 
also strictly temporal.

5. Temporal Cluster Analysis
Temporal clustering according to similarity is a concept which 
appears in many disciplines, so there are two basic approaches to 
analyze it. One is the measure of temporal similarity approach and 
the other is called temporal optimal partition approach.
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In temporal data analysis, many temporal data mining applications 
make use of clustering according to similarity and optimization 
of temporal set functions. If the number of clusters is given, 
then clustering techniques can be divided into three classes: (1) 
Metric-distance based technique, (2) Model-based technique 
and (3) Partition-based technique. These techniques can be 
used occasionally in combination, such as Probability-based vs. 
Distance-based clustering analysis. If the number of clusters is not 
given, then we can use Non-Hierarchical Clustering Algorithms 
to find their k.

II. Existing System
In general, there are two core problems in clustering analysis, 1. 
i.e., model selection and grouping. The former seeks a solution 
that uncovers the number of intrinsic clusters underlying a 
temporal data set, while the latter demands a proper grouping 
rule that groups coherent sequences together to form a cluster 
matching an underlying distribution. Clustering analysis is an 
extremely difficult unsupervised learning task. It is inherently 
an ill-posed problem and its solution often violates some 
common assumptions.
Based on a temporal data representation of fixed yet 2. 
lower dimensionality, any existing clustering algorithm is 
applicable to temporal data clustering, which is efficient in 
computation.
Various temporal data representations have been proposed 3. 
[8] from different perspectives. To our knowledge, there 
is no universal representation that perfectly characterizes 
all kinds of temporal data; one single representation tends 
to encode only those features well presented in its own 
representation space and inevitably incurs useful information 
loss. Furthermore, it is difficult to select a representation 
to present a given temporal data set properly without prior 
knowledge and a careful analysis

III. Proposed System
First, we develop a practical temporal data clustering model 1. 
by different representations via clustering ensemble learning 
to overcome the fundamental weakness in the representation-
based temporal data clustering analysis.
We propose a novel weighted clustering ensemble algorithm, 2. 
which not only provides an enabling technique to support our 
model but also can be used to combine any input partitions. 
Formal analysis has also been done.
In fig. 1 , four representations of time series present themselves 3. 
with various distributions in their principal component 
analysis representation subspaces..
For instance, both of classes marked with triangle and star are 4. 
easily separated from other two overlapped classes
Fig. 1a, while so is the classes marked with circle and dot in 5. 
Fig. 1b. Similarly, different yet useful structural information 
can also be observed from plots in Figs. 1c and 1d.
Intuitively, our observation suggests that a single representation 6. 
simply captures partial structural information and the joint 
use of different representations is more likely to capture the 
intrinsic structure of a given temporal data set.
When a clustering algorithm is applied to different 7. 
representations, diverse partitions would be generated. To 
exploit all information sources, we need to reconcile diverse 
partitions to find out a consensus partition superior to any 
input partitions.

Fig. 1: Distributions of the Time-Series Data Set in Various PCA 
Representation Manifolds Formed by the First Two Principal 
Components of Their Representations. (a). PLS, (b). PDWT, (c). 
PCF, (d). DFT

Fig. 2: Result of Clustering Analysis and Clustering Ensembles, 
(a). The Data Set of Ground Truth, (b). The Partition of Maximum 
DVI, (c). The Partition of Maximum MHT, (d). The Partition of 
Maximum NMI, (e). DVI WCE, (f). MHT WCE, (g). NMI WCE, 
(h). Multi Criteria WCE, (i). The Cluster Ensemble [16] 

Fig. 2(a) shows a two-dimensional synthetic data set subject • 
to a mixture of Gaussian distribution where there are five 
intrinsic clusters of heterogeneous structures, and the ground 
truth partition is given for evaluation and marked by diamond 
(cluster 1), light dot (cluster 2), dark dot (cluster 3), square 
(cluster 4), and triangle (cluster 5). The visual inspection 
on the structure of the data set shown in Fig. 2a suggests 
that clusters 1 and 2 are relatively separate, while cluster 3 
spreads widely, and clusters 4 and 5 of different populations 
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overlap each other.
Applying the K-mean algorithm on different initialization • 
conditions, including the center of clusters and the number 
of clusters, to the data set yields 20 partitions. Using different 
clustering validation criteria.
The DVI criterion always favors a partition of balanced • 
structure. Although the partition in Fig. 2b meets this criterion 
well, it properly groups clusters 1-3 only but fails to work 
on clusters 4 and 5.
The MHI criterion generally favors partition with bigger • 
number of clusters. The partition in Fig. 2c meets this criterion 
but fails to group clusters 1-3 properly.
As a classic approach, Cluster Ensemble treats all partitions • 
equally during reconciling input partitions. When applied 
to this data set, it yields a consensus partition shown in Fig. 
2i that fails to detect the intrinsic structure underlying the 
data set.
Based on the problem, we proposed a temporal data clustering • 
model with a weighted clustering ensemble working on 
different representations.
In this model contains 3 modules such as representation • 
extraction, initial clustering analysis, and weighted clustering 
ensemble.

A. Representation Extraction
Temporal data representations are generally classified into 1. 
two categories: piecewise and global representations.
 A piecewise representation is generated by partitioning 2. 
the temporal data into segments at critical points based on 
a criterion, and then, each segment will be modeled into a 
concise representation. All segment representations in order 
collectively form a piecewise representation, e.g., adaptive 
piecewise constant approximation and curvature-based PCA 
segments [9].
A global representation is derived from modeling the temporal 3. 
data via a set of basis functions, and therefore, coefficients of 
basis functions constitute a holistic representation.
In the representation extraction module, different 4. 
representations are extracted by transforming raw temporal 
data to feature vectors of fixed dimensionality for initial 
clustering analysis.
In the representation extraction module, different 5. 
representations are extracted by transforming raw temporal 
data to feature vectors of fixed dimensionality for initial 
clustering analysis.

C. Initial Clustering Analysis 
A clustering algorithm is applied to different representations 1. 
received from the representation extraction module.
As a result, a partition for a given data set is generated based 2. 
on each representation.
When a clustering algorithm of different parameters is used, 3. 
e.g., K-mean, more partitions based on a representation would 
be produced by running the algorithm on various initialization 
conditions.
The clustering analysis on different representations leads to 4. 
multiple partitions for a given data set.
All partitions achieved will be fed to the weighted clustering 5. 
ensemble module for the reconciliation to a final partition.

D. Weighted Clustering Ensemble
A weighted consensus function works on three clustering 1. 
validation criteria to estimate the contribution of each partition 
received from the initial clustering analysis module.
The basic idea of our weighted consensus function is the use 2. 
of the pairwise similarity between objects in a partition for 
evident accumulation, where a pairwise similarity matrix is 
derived from weighted partitions and weights are determined 
by measuring the clustering quality with different clustering 
validation criteria.
It is constructed based on all similarity matrices to generate 3. 
candidate consensus partitions.

E. Partition Weighting Scheme
In the partition weighting scheme, we define a weight• 

A clustering validation criterion measures only an aspect of • 
clustering quality. In order to estimate the contribution of a 
partition, we would examine as many different aspects of 
clustering quality as possible.
After looking into all existing of clustering validation criteria, • 
we select three criteria of complementary nature for generating 
weights from different perspectives as elucidated below, i.e., 
Modified Huber’s index (MHI), Dunn’s Validity Index (DVI) 
[3], and Normalized Mutual Information (NMI) [6].
The MHI index partition Pm is defined by• 

A high MHI value for a partition indicates that the partition has • 
a compact and well-separated clustering structure. However, 
this criterion strongly favors a partition containing more 
clusters, i.e., increasing the number of clusters results in a 
higher index value.
The DVI of a partition Pm] is defined by• 

Similar to the MHI index, the DVI also evaluates the clustering • 
quality in terms of compactness and separation properties. But 
it is insensitive to the number of clusters in a partition.
 Nevertheless, this index is less robust due to the use of a single • 
linkage distance and the diameter information of clusters.
The NMI  is proposed to measure the consistency between two • 
partitions, i.e., the amount of information (common structured 
objects) shared between two partitions.
The NMI index for a partition Pm is determined bysummation • 
of the NMI between the partition Pm and each of other 
partitions Po. The NMI index is defined by

A high NMI value implies a well accepted partition that • 
is more likely to reflect the intrinsic structure of the given 
data set. This criterion biases toward the highly correlated 
partitions and favors those clusters containing a similar 
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number of objects.

F. Agreement Function
In order to obtain a final partition, we develop an agreement • 
function.
A pair wise similarity S is constructed with three candidate • 
consensus partitions.
A binary membership indicator matrix Hπ is constructed from • 
partition P π, where π  = {MHI,DVI,NMI} Then, concatenating 
three Hπ matrices leads to an adjacency matrix consisting of 
all the data in a given data set versus candidate consensus 
partitions, H =[HMH|[HDV I |HNMI]. Thus, the pair wise 
similarity matrix  S is achieved by

IV. Conclusion
Temporal clustering analysis provides an effective way to discover 
the intrinsic structure and condense information over temporal data 
by exploring dynamic regularities underlying temporal data in an 
unsupervised learning way. First, we develop a practical temporal 
data clustering model by different representations via clustering 
ensemble learning to overcome the fundamental weakness in the 
representation-based temporal data clustering analysis. Next, we 
propose a novel weighted clustering ensemble algorithm, which 
not only provides an enabling technique to support our model but 
also can be used to combine any input partitions. Formal analysis 
has also been done. Finally, we demonstrate the effectiveness 
and the efficiency of our model for a variety of temporal data 
clustering tasks.
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