
IJCST Vol. 2, ISSue 4, oCT. - DeC. 2011ISSN : 0976-8491(Online)  |  ISSN : 2229-4333(Print)

w w w . i j c s t . c o m  InternatIonal Journal of Computer SCIenCe & teChnology 283

Abstract
A variety of techniques currently exist for measuring the 
similarity between time series datasets. Of these techniques, 
the methods whose matching criteria are bounded by a 
specified   threshold value, such as the LCSS technique, 
have been shown to be robust in the presence of noise, time 
shifts, and data scaling. Afterwards, by utilizing an efficient 
method, clusters are updated incrementally and periodically 
through a set of fuzzy approaches. So, in this paper, we utilize 
the clustering of time series data using LCSS and Fuzzy Logic. 
In addition, we will present the benefits of the proposed system 
by implementing a real application: using dataset that contains 
two attributes temperature and humidity.
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I. Introduction
Techniques for evaluating the similarity between time series 
data- sets have long been of interest to the database community.  
New location-based applications that generate time series 
location trails (called trajectories) have also fueled interest 
in this topic since time series similarity methods can be used 
for computing trajectory similarity. One of the critical research 
issues with time series analysis is the choice of distance function 
to capture the notion of similarity between two sequences.  
Past research in this area has produced a number of distance 
measures, which can be divided into two classes. The first class 
includes functions based on the L1 and L2 norms. Examples of 
functions in this class are Dynamic Time Warping (DTW) [1] and 
Edit Distance with Real Penalty (ERP) [2]. The second class of 
distance functions includes methods that compute a similarity 
score based on a matching threshold . Examples of this class 
of functions are the Longest Common Subsequence (LCSS) [19], 
and the Edit Distance on Real Sequence (EDR) [3]. Previous 
research [3, 19] has demonstrated that this second class of 
methods is robust in the presence of noise and time shifting.
All of the advanced similarity techniques mentioned above 
rely on dynamic programming for their evaluation.  Dynamic 
programming requires that each element of one time series 
be compared with each element of the other; this evaluation 
is slow.  The research community has thus developed indexing 
techniques such as [3, 5, 8, 11, 20] that use an index to quickly 
produce a superset of the desired results. However, these 
indexing techniques still require a refinement step that must 
perform the dynamic programming evaluation on elements of 
the superset.   Furthermore, time series clustering has also 
been studied [3, 9, 19], and these clustering techniques require 
pair wise comparison of all time series in the dataset, which 
means that indexing methods cannot be used to speed up 
clustering applications.
To address this problem, a number of techniques have been 
developed that impose restrictions on the warping length of 
the dynamic programming evaluation.  The Sakoe-Chiba band, 

studied in [16], uses a sliding window of fixed length to narrow 
the number of elements that are compared between two time 
series. The Itakura Parallelogram, studied in [6], also limits 
the number of comparisons to accomplish a similar effect 
as the Sakoe-Chiba band. These techniques that constrain 
the warping factor are faster, but at the expense of ignoring 
sequence matches that fall outside of the sliding window. If 
the best sequence match between two time series falls outside 
of the restricted search area, then these techniques will not 
find it.

II. Related Work
There are several existing techniques for measuring the similarity 
between different time series. The Euclidean measure sums 
the Euclidean distance between points in each time series. 
For example, in two dimensions the Euclidean distance is 
computed as:  
This measure can be used only if the two time series are of equal 
length, or if some length normalization technique is applied. 
More sophisticated similarity measures include Dynamic Time 
Warping (DTW) [1], Edit distance with Real Penalty (ERP) [2], the 
Longest Common Subsequence (LCSS) [30], and Edit Distance 
on Real sequences (EDR) [3]. These measures are summarized 
in Table 2. DTW was first introduced to the database community 
in [1]. DTW between two time series does not require the two 
series to be of the same length, and it allows for time shifting 
between the two time series by repeating elements. ERP [2] 
creates g, a constant value for the cost of a gap in the time 
series, and uses the L1 distance norm as the cost between 
elements. The LCSS technique introduces a threshold value, 
, that allows the scoring technique to handle noise. If two data 
elements are within a distance of in each dimension, then the 
two elements are considered to match, and are given a match 
reward of 1. If they exceed the  threshold in some dimension, 
then they fail to match, and no reward is issued. The EDR [3] 
technique uses gap and mismatch penalties. It also seeks to 
minimize the score (so that a score closer to 0 represents a 
better match). In [1], the authors use the Euclidean distance 
to measure similarity in time series datasets. The Discrete 
Fourier Transform is used to produce features that are then 
indexed in an R-tree. Dimensionality reduction is also studied 
in [8, 10, 13, 14, 20]. Indexing is also studied in [3], which 
proposes a generic method built around lower bounding to 
guarantee no false dismissals. Indexing methods for DTW have 
been the focus of several papers including [7, 12, 17, 21, 22]. 
Indexing for LCSS [18] and EDR [3] has also been studied. 
In this paper, our focus is not on specific indexing methods, 
but on the design of robust similarity measures, and efficient 
evaluation of the similarity function. We note that our work is 
complementary to these indexing methods, since the indexing 
methods still need to perform a refinement step that must 
evaluate the similarity function. Traditionally, previous work has 
not focused on this refinement cost, which can be substantial. 
Previous works employ a dynamic programming (DP) method 
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for evaluating the similarity function, which is expensive, 
especially for long sequences. The Sakoe-Chiba Band [16] and 
Itakura Parallelogram [6] are both estimation techniques for 
restricting the amount of time warping to estimate the DTW 
score between two sequences. A restriction technique similar 
to the Sakoe-Chiba Band is described for LCSS in [19] and 
the R-K Band estimate is described in [15]. Time series may 
be clustered using compression techniques [4,10]. We do not 
compare our algorithms with these techniques because of their 
inapplicability for clustering short time series.

III. Longest Common Subsequence Distance
Euclidean  distance  is the most  widely used  distance measure, 
even for calculating distances between data such as time series, 
because it is easy to compute and very fast. The operation 
consists in matching a given point from a time series with the 
point from another one that occurs at the same time. The main 
drawback of Euclidean distance is its inability to manage time 
axis gap. Two time series with the same shapes that do not 
occur concurrently on time axis may have a high Euclidean 
distance. This result is very illogical and it can significantly   
perturb the clustering [28].
Among all  the  measures  able  to  perform  time  series distance 
in this way, the Dynamic Time Warping (DTW) distance is the 
most popular. The particularity of DTW is that  it  compare  two  
time  series  together  by allowing a given point from one time 
series to be matched with one or several points from the other 
[24, 31]. We choose not to use this distance for two reasons: 
Firstly, DTW manages only numeric time series. Its adaptation 
to symbolic data is not obvious and it includes some additional 
parameters that   are   difficult   to fix.   Secondly,   DTW   forces   
all elements of each time series to be matched, even if these 
elements do not have any relevant meaning. Typically for our 
dataset we have a lot of non relevant periods. The Longest 
Common Subsequence (LCSS) distance, like DTW, is a time 
stretching distance. It matches two time series together by 
allowing them to stretch, without rearranging the sequence of 
the elements [23, 25, 26, 27]. Whereas in Euclidean and DTW 
distance all elements must be matched, LCSS can keep some 
elements unmatched by allowing one point of a time series to 
be matched with one or zero point of the other (fig.2). In order 
to force time stretching not to match too distant elements, 
we may add to LCSS a warping window (i.e. a constant δ) 
that controls how far in time we can go in order to match two 
points from two different time series. For example, if we set 
δ = 3, a point that occurs at instant t must only be matched 
with points from the other time series that occurs at instants 
t-3, t-2, t-1, t, t+1, t+2 and t+3. In fact, δ is not inevitably a 
constant and may vary according to time [30], but for simplicity 
we consider δ to be a constant in this paper. Moreover, we 
have to set a spatial window (i.e. a constant ε) as a matching 
threshold that defines if two point from two different time series 
can be matched or not. LCSS distance gives in result a value 
between 0 (the two time series are perfectly similar) and 1 
(no common points between the two time series). Originally, 
LCSS is a one-dimensional distance for numeric data. So we 
have extended its definition to be able to manage time series 
with two heterogeneous dimensions (one numeric and one 
symbolic) as follow:
Let A and B be two bi-dimensional time series with size m and 
n respectively, where A = {(ax1, ay1), …, (axm, aym)} and B = {(bx1, 
by1), …, (bxn, byn)}. axi and bxi are the ith value of the numeric time 

series of A and B respectively. ayi and byi are the ith value of 
the symbolic time series of A and B respectively. Let Equal(i, 
j) be the matching function between the ith point of A and the 
jth point of B, where:

                     (1)
Given the recursive function Sim(i, j) that compute the similarity 
between the subsequence Ai = {(ax1, ay1), …, (axi, ayi)} and the 
subsequence Bj = {(bx1, by1), …, (bxj,byj)} as follows:

                (2)
We can now define our LCSS distance as follow:

                            (3)

Table 1: The non recursive alogrithm that computes the LCSS 
distence between two bi-dimensional and heterogeneous time 
series A and B.

It’s important to notice that LCSS is not a metric distance. 
Therefore it does not necessary respect the triangular inequality 
LCSS(A ,B) ≤ LCSS (A, C) +LCSS(C, B). The recursive definition 
of our LCSS distance has a non computational complexity 
and needs a dynamic programming approach. Dynamic 
programming consists in creating a m×n matrix. Inside the cell 
(i, j) of the matrix we store 1 if Equal(i, j) = True, 0 otherwise. 
Once all the cells are filled we search for the best warping path. 
It is the path beginning in cell (1, 1), finishing in cell (m, n) that 
maximise the sum of the cells it goes through fig. 1.
Actually, the non recursive algorithm we use to compute the 
LCSS distance in an optimal and efficient way does not search 
directly for the best warping path. It simply obtains the LCSS 
distance value thanks to a cumulative similarity matrix π built 
as shown in Table 1 (here, for simplicity there is no warping 
window, but the addition it is trivial to add it).
So the longer step of this algorithm is the completion of the 
cumulative similarity matrix. This step has a complexity of 
O(m×n) (O(m2) if the two time series have the same length). 
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If we add a warping window with size δ, this algorithm allows 
to compute LCSS in O(m×δ) time (with δ << n).

Fig. 1: Example of best warping path between two time 
series A={1,2,4,3,1,1,2,1} and B={1,1,1,2,4,3,1,1} The 
sequence of cells crossing by the best warping path is (1,1), 
(2,4),(3,4),(4,6),(6,7) and (8,8).

Fig. 2: Computation of the distance between two time series 
with Euclidean distance fig. (a) and LCSS distance fig. (b)

IV. Type-1 Fuzzy Logic System (Type-1 FLS)
A combination of Type-1 Fuzzy Logic System (Type-1 FLS) and 
Gradient descent algorithm is called Type-1 FLS*. Fuzzy logic 
was developed by Lotfi Zadeh a professor at the University 
of California, Berkley. Fuzzy system is useful for real world 
problems where there are different kinds of uncertainty [32]. 
The idea of fuzzy logic was to show that there is a world behind 
conventional logic. This kind of logic is the proper way to model 
human thinking. Fuzzy logic is recently getting the attention of 
artificial intelligence researchers. It is being used to build expert 
systems for handling ambiguities and vagueness associated 
with real world problems. Fig. 3, shows the architecture of 
Type-1 Fuzzy system.

A. Gradient descent Algorithm
Gradient descent technique is a training algorithm which 
was used to tune the membership function parameters in 
fuzzy system. Using this algorithm the membership function 
parameters can be optimized and the error rate is reduced to 
get more accurate results. The details of the algorithm were 
explained in [33].

B. Fuzzification Process
According to [34] fuzzifying has two meanings. The first is 
the process fining the fuzzy value of a crisp one. The second 
is finding the grade of membership of a linguistic value of a 
linguistic variable corresponding to a fuzzy or scalar input. 
The most used meaning is the second. Fuzzification is done 
by membership functions.

Fig. 3: Structure of Type-1 Fuzzy Logic system*

C. Inference Process
The next step is the inference process which involves deriving 
conclusions from existing data [34]. The inference process 
defines a mapping from input fuzzy sets into output fuzzy sets. 
It determines the degree to which the antecedent is satisfied 
for each rule. These results in one fuzzy set assigned to each 
output variable for each rule.  MIN is an inference method.  
According  to  [35]  MIN  assigns  the minimum of antecedent 
terms to the matching degree of the rule. Then fuzzy sets that 
represent the output of each rule are combined to form a single 
fuzzy set. The composition is done by  applying MAX which 
corresponds to applying fuzzy logic OR, or SUM composition 
methods [34].

D. Defuzzification Process
Defuzzification is the process of converting fuzzy output 
sets to crisp values [34]. According to [36] there are three  
defuzzification methods used : Centroid, Average Maximum 
and Weighted Average. Centroid  method  of  Defuzzification  
is  the  most  commonly  used  method.  Using  this  method  
the defuzzified value is defined by:

Where is the aggregated output member function. The 
details of Fuzzy system have been explained in [34] [37].

V. The K-Means Algorithm
A classic way to perform clustering is the use of the k- Means 
algorithm [33]. This approach is very  interesting for us because 
it generates “spherical”  clusters (i.e. each cluster  can  be  
considered  as  a  hypersphere  inside  the multidimensional 
data space. The  center of the hypersphere is the fictive mean 
between all the objects owned by this cluster. The radius is the 
distance between the fictive mean and the furthest object in 
the cluster. Because of admitting relocation after each iteration, 
using k-means clustering allows poor initial partitions to be 
corrected at a later stage. So when the fictive mean moves, 
the sphere-shaped structure of the cluster is conserved and 
it keeps its homogeneity. This characteristic is empirically 
observed for non metric distances like LCSS. It permits the  
creation  of  homogeneous  and  proportional  clusters that  are,  
for  our  study,  less  sensitive  to  outliers  than Hierarchical  
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Clustering clusters. The intuition behind k- Means approach is 
shown in Table 2.

Table 2: K-Means algorithm

1 Decide on a value for k.

2 Initialize the k cluster centres (randomly, if necessary).

3 Decide the class memberships of the N objects by 
assigning them to the nearest cluster centre.

4 Re-estimate the k cluster centres, by assuming the 
memberships found above are correct.

5 If none of the N objects changed membership in the 
last iteration, exit. Otherwise return to step 3.

To  resolve  our  catalysis  clustering  problem,  the  k- Means 
approach has one major drawback: At step  4,  the algorithm 
has  to  re-estimate  the k cluster  centers. This means 
computing the average of all the time series for each cluster 
in the multidimensional data space. This is straightforward 
with non temporal data (we just have to compute the Euclidean 
average) but illogical for temporal data like time series. We will  
resolve this difficulty with by using a variant of this  algorithm 
proposed by Didey [14].

VI. Using k-Means with LCSS distance
K-Means algorithm is a variant of the Forgy algorithm [16].  
The  Forgy  algorithm  resumes  the  basic  intuition behind 
all partitional clustering  algorithms like k-Means. It creates 
clusters with only two parameters: the number of clusters noted 
k and the  size of seeds noted c. For the reasons  explained  
in  the  previous  section,  the  distance measure used by our 
method is LCSS, so we have adapted this algorithm to  make 
time series clustering work with this distance. Each cluster is 
characterized by a seed of c time series. Seeds are used to 
compute distances between time series and clusters as well as 
distances between each cluster. The c  times  series  of  a  cluster  
are  those  that  minimize  the Inertia function. This function 
is also used to compute the intra-class variance between all 
clusters that evaluates the quality of the clustering.
The  exact  complexity  of  this  algorithm  can  not  be  determined 
because it depends on the relative size of each cluster during 
the iterations.  However, for a dataset of N time series, it has 
a complexity inferior  or equal to O( kPL.(N² + N) ), where k is 
the number of clusters specified by   the   user,   P   is   the   
number   of   iterations   until convergence,   and   L   is   the   
duration   of   one   LCSS calculation (i.e. O(m×δ)).
It  is  obvious  that  the  final  time  series   clustering depends  
on  the  seeds  initialization.  Ideally,  each  seed should be 
initialized only with the time series that belong to the same 
cluster, but if we  do not have any a  priori knowledge about the 
dataset  (as it is usually the case in unsupervised  knowledge   
data  discovery),  we  have  to initialize the seeds at random. For 
a dataset with k time series clusters (with the same number of 
time series for each cluster), the probability to have a perfect 
initialization at random is approximately equal to  (for example 
if k = 6 then the probability is equal to 0.015, i.e. 1 in 65 to 
have a perfect initialization). Here we use intraclass variance 
to evaluate the quality of the seeds initialization: if a seed 
initialization does not give an intraclass variance inferior to a 
threshold, then another initialization is tried.

A. The Algorithm

1. Fuzzification Process using Type-1 FLS

2. Inference Process

B. Use Z-test also for fitness of Clusters

1. Defuzzication Process
So it leaves us only with three parameters: the number of 
clusters k, the size of seeds c and the spatial window ε for 
LCSS. Only the numeric variable of our bi-dimensional time 
series needs the ε parameter. We notice that the value of c does 
not influence the intra-class variance defined in our algorithm 
(contrary to δ and k). So we can consider that the optimal value 
of c minimizes this variance. We ca not use the same method to 
find the optimal value of k because this parameter influences 
the intra-class variance final value (the more k increases, the 
more the intra-class variance decreases). This limitation can be 
minimized by attempting all values of k within a large range.
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VII. Results and Discussion

Table 3: The Number of Dataset instances with and  without 
noise

The dataset for preprocessing is taken from Cetre for 
Atmospheric Studies, Dibrugarh University that contains two 
attributes, temperature and humidity. These measures have 
been taken from a sensor and recorded by a computer at 
regular intervals of about 15 minutes (the average interval 
was estimated at 896 seconds) [38]. 
The dataset possesses 4600 instances. Based on the equation 
coded in the Matlab, the noise was found and removed from 
the dataset. The graphic view of the dataset before removing 
noise is depicted in fig. below.

Fig. 4: Graphical View of the Original Dataset

As shown in fig 4, the attributes (temperature 1 and 2) were 
derived from the device sensor. The extracted data may 
include noisy data due to device and measurement errors. 
This would decrease the quality of the data. Therefore, the 
program in this study was applied based on the definition of 
the statistic equation on the data to remove the noisy data. 
The characteristics and results are shown in Table 3.
Table 3, shows that the number of the noisy data in the 
attribute Temperature 1 is 62 and this is 43 for the attribute 
Temperature 2; 15 noise instances are common among the 
attributes Temperature 1 and Temperature 2, and thus the total 
instances for two attributes after removing noise is 4510.

Table 4: Summary of the Characteristics of the dataset

Fig. 5: Clustering the Dataset using the Algorithm

As shown in Table 4, are characteristics of dataset. The dataset 
has 2 clusters; cluster 1 contains 566 records and cluster 2 
has 3944 records. Based on the two dimensions, the centre of 
cluster 1: Temperature1=20.9173 and Temperature2=21.4507; 
likewise for cluster 2: Temperature1=0.7194and 
Temperature2=0.7179.
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