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Abstract 
One of the major tasks in time series database 

application is time series query. Time series data is always 
exist in large data size and high dimensionality. However, 
different from traditional data, it is impossible to index the 
time series in traditional database system. Moreover, time 
series with different lengths always coexists in the same 
database. Therefore, development of a time series indexing 
approach is of fundamental importance for maintaining an 
acceptable speed for time series query. By identifying the 
perceptually important points (PIPs) from the time domain, 
time series of different lengths can be compared and the 
dimensionality of the time series can be greatly reduced. In 
this paper, a time series indexing approach, based on 
clustering the time series data in low resolution, is proposed. 
This approach is customized for stock time series to cater 
for its unique behaviors. It follows the time domain 
approach to carry out the indexing process which is 
intuitive to ordinary data analysts. One may find it 
particularly attractive in applications like stock data 
analysis. The proposed approach is efficient and effective as 
well. As demonstrated by the experiments, the proposed 
approach speeds up the time series query process while it 
also guarantees no false dismissals. In addition, the 
proposed approach can handle the problem of updating new 
entries to the database without any difficulty. 
 
 
1. Introduction 

Recently, time series data is of growing importance in 
many new database applications, such as data mining or 
data warehousing. A time series is a sequence of real 
numbers, each number representing a value at a time point. 
For example, the sequence could represent sales, exchange 
rates, weather data, biomedical measurements, stock 
prices … etc.  
 
 

We are often interested in finding similar time series [1] and 
querying time series database [2]. A time series database 
stores a large number of time series. The way of locating 
time series of interest in massive time series data efficiently 
is an important and non-trivial problem. Thus, indexing 
those time series is one of the possible solutions for 
increasing or at least maintaining an acceptable speed.  
 
In this paper, an approach for indexing stock time series is 
proposed. A new time series representation scheme for 
various stock data analyses and mining tasks is first 
introduced. Stock time series has its own characteristics 
over other time series data such as the data from scientific 
areas like electrocardiogram ECG. For example, a stock 
time series is typically characterized by a few critical points 
and multi-resolution consideration is always necessary for 
long-term and short-term analyses. In addition, technical 
analysis is usually used to identify patterns of market 
behavior, which have high probability to repeat themselves. 
These patterns are similar in the overall shape but with 
different amplitude and/or duration. The perceptually 
important point (PIP) identification technique is adopted to 
determine data point importance and transform the original 
time series data into lower resolution. In addition, the time 
series database is indexed by clustering technique based on 
the low resolution of the time series. The paper is organized 
into six sections. Next section contains a discussion of 
related works. In section 3, the PIP time series 
representation framework based on data point reordering is 
introduced. The proposed time series indexing approach 
based on clustering is in Section 4. The simulation results 
are reported in Section 5 and the final section makes the 
conclusions of the paper. 
 
2. Related Work 

Reference [2] proposed the problem of similarity search 
in time series database and this problem has become an 
active research area afterward. Moreover, the problem of 



  

indexing time series has attracted many researchers in the 
database community. The original GEMINI framework with 
different dimensionality reduction approaches in reference 
[3] was applied to time series indexing. Furthermore, most 
of the techniques for signal analysis require the data which 
is in the frequency domain. Therefore, distance-preserving 
orthonormal transformations are often used to transform the 
data from the time domain to the frequency domain. 
Usually, data-independent transformation is applied to 
where the transformation matrix is determined by prior and 
independent input data. One of the most popular data-
independent transformations is the Discrete Fourier 
transform (DFT) [2, 4, 5]. 
 
In reference [6], it identifies a safe set of Fourier 
transformations and presents a query processing algorithm 
that uses the underlying multidimensional index built over 
the data set to answer similarity queries efficiently. On the 
other hand, the similarity search methods perform 
dimensionality reduction on the data, and then use a 
multidimensional structure to index the data in the 
transformed space. The technique was introduced in 
reference [2] and extended in references [4, 5]. Since the 
distance between two signals in the time domain is the same 
as their Euclidean distance in the frequency domain, the 
DFT performs well in preserving essentials in the first few 
coefficients. For efficient access, a multidimensional index 
is constructed using the first few Fourier coefficients. When 
a similarity query is submitted, the index is used to retrieve 
the sequences that are at a certain small distance away from 
the query sequence. 
 
Moreover, there are several kinds of indexing technique 
based on the frequency domain: Wavelets, Discrete Wavelet 
Transform (DWT) [7, 8, 9, 10], Singular Value 
Decomposition (SVD) [11] and Inner Products [12]. It can 
be concluded that traditional query process for time series 
data transforms data from the time domain into the 
frequency domain. However, it is less controllable by the 
end users and also affects the visualization ability. 
Therefore, this is not well suited for pattern queries that find 
time series patterns with many dynamical and specified user 
constraints such as stock time series queries.  
 
On the other hand, the time domain approach works on the 
temporal data points directly, for example, Piecewise 
Aggregate Approximation (PAA) [13] and Adaptive 
Piecewise Constant Approximation (APCA) [14]. The 
majority of works focused solely on performance issues in 
the time domain, though some authors also considered other 
issues such as supporting non Euclidean distance measures 
[5, 13, 14] and allowing queries time series of different 
lengths [13, 14, 15]. There is another popular dissimilarity 
metric called the “time warping” distance. From the 
indexing viewpoint, this metric presents two major 
challenges: (a) it does not lead to any natural indexing 
“features”, and (b) it requires time quadratic in the sequence 

length when comparing two sequences. To address each 
problem, reference [16] proposes to map sequences into 
points, with little compromise of “recall” for speeding up 
the query process. Moreover, reference [17] introduces a 
technique for the exact indexing of dynamic time warping. 
The same author gives a comprehensive survey on time 
series data mining in paper [18]. 
 
Furthermore, reference [15] presents a method to search 
time series data which first transforms time sequences into 
symbol strings using changeable ratio between contiguous 
data points in time series. Next, a suffix tree is built to index 
all suffixes of the symbol strings. The focus of this paper is 
to demonstrate how this method can adapt to the processing 
of the dynamically constrained time series queries. Recent 
work in reference [19] proposed a new symbolic 
representation and the transformed time series adopts the 
same indexing technique as reference [15]. 
 
There are much more time series indexing techniques [20, 
21, 22, 23, 24] which address the problem of similarity 
search in large time series databases efficiently. To sum up, 
much of the recent database technology research on this 
problem, or similar ones, can be characterized procedurally 
in the following general manner [25]: (i) To find an 
approximation and robust representation for a time series, 
for example, Fourier coefficients, piecewise linear models, 
etc.; (ii) To define a flexible indexing function that can 
handle various pattern deformations (scaling, 
transformations, etc.); and (iii) To provide an efficient 
scalable and updatable algorithm by using the adopted 
representation and matching function for massive time 
series data sets. In this paper we proposed a time series 
indexing framework based on data point importance for 
dimensional reduction. It is found especially useful when 
focusing on time series domain that the fluctuations of the 
time series are important signals and multi-resolution 
consideration is necessary (i.e. technical analysis in 
financial domain). 
 
3. Reordering of Time Series Data Points 

In this section, the proposed time series representation 
scheme is introduced. It is based on the reordering of the 
data points in the time series. Instead of storing the time 
series data according to time, or transforming it into other 
domains (e.g. frequency domain), data points of a time 
series are stored according to their importance. Based on 
this representation, the time series can transform to low 
resolution for indexing. Two main steps are needed for 
reordering the time series: perceptually important point 
identification and data point importance list construction. 
They are described in the following subsections. Table I 
shows most of the notations used in this paper. 

 
 
 



  

 
 
Table I. Notations used in this paper 
Symbol Meaning 

P A time series P=p1,…,pm 
Q A query pattern Q=q1,…,qn 
SP Low resolution from P, SP=sp1,…,spn where 

mn ≤  
L The data point importance list L=l1,…,lm 
k Number of cluster 

Mi Cluster centroid M=m1,…,mn where i=1 to k 
N Number of object in the database, x1,…,xN 

 
3.1 Perceptually Important Point Identification 

In view of the importance of extreme points in stock 
time series, the identification of perceptually important 
points (PIP) is first introduced in [26] and used for pattern 
matching of technical (analysis) patterns in financial 
applications. The idea was later found similar to a technique 
proposed about 30 years ago for reducing the number of 
points required to represent a line [27] (see also [28]). We 
also found independent works in [29, 30, 31] which work 
on similar ideas. In this subsection, let us review this idea 
by revisiting our previously proposed PIP identification 
process. 
 
The frequently used stock patterns are typically 
characterized by a few critical points. For example, the 
head-and-shoulder pattern consists of a head point, two 
shoulder points and a pair of neck points. These points are 
perceptually important in the human identification process 
and should be considered of higher importance (Fig.1). 
 

 
Figure 1. PIP identification results (from 30 data points in the 
data sequence P to 7 PIPs) 
 
The PIP identification scheme follows this idea by locating 
those perceptually important points in the data sequence P 
in accordance with the query sequence Q (for pattern 
matching applications) or the specified number of PIPs.  
The locating process works as follows.  
 
With sequences P and Q being normalized (for shifting and 
uniform amplitude scaling invariant), the PIPs are located in 
order according to Fig.2. Currently, the first two PIPs will 
be the first and the last points of P. The next PIP will be the 
point in P with maximum distance to the first two PIPs. The 
fourth PIP will then be the point in P with maximum 
distance to its two adjacent PIPs, either in between the first 
and second PIPs or in between the second and the last PIPs. 
The PIP location process continues until its number is equal 
to the length of query sequence Q or the required number of 

PIPs is reached. 
 
Function Point_locate (P,Q) 
 Input: sequence P[1..m], length of Q[1..n] 
 Output: pattern SP[1..n] 
Begin 
 Set sp[1]=p[1], sp[n]=p[m] 
 Repeat until SP[1..n] all filled 
 Begin 
  Select point p[j] with maximum distance to 

the adjacent points in SP (sp[1] and sp[n] 
initially) 

  Add p[j] TO SP  
 End 
 Return SP 
End 

Figure 2. Pseudo code of the PIP identification process 
 
The distance metric for distance measurement (i.e. 
calculation of fluctuation value of a data point) is the 
vertical distance (VD) between a test point p3 and the line 
connecting the two adjacent PIPs, i.e., 
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where 3xxc = . Eqn. (1) is intended to capture the 
fluctuation of the data sequence and the highly fluctuated 
points (or locally extreme points) would be considered as 
PIPs. 
 
To illustrate the identification process, Fig.3 shows the step-
by-step results. Here, the number of data points in the input 
sequence P and query sequence Q (or the required number 
of PIPs) are 10 and 5 respectively, i.e., m=10 and n=5. 
 

 
Figure 3. Identification of 5 perceptually important points  
 
3.2 Building Data Point Importance List 

Inspired from the above idea, a reordering mechanism 
for the data points in a time series is proposed in paper [32]. 
Instead of only identifying n PIPs from the longer sequence 
m for pattern matching, only one time series is provided in 
the current scenario. Therefore, all the data points in the 
time series P will go through the PIP identification process. 
In order words, the number of PIPs to be identified is equal 
to the number of data points in the given time series. 
However, the sequence of the data points being identified is 
the main focus. 



  

 
The sequence of PIPs is ordered according to Fig.4. It is the 
same as the original process except the PIP identification 
process continues until all the data points in the given time 
series P have been processed and appended to the list L. 
 
Function Build_list (P) 
 Input:  sequence P[1..m] 
 Output: sequence L[1..m] 
Begin 
 Set l[1]=p[1], l[2]=p[m] 
 Repeat until l[1..m] all filled 
 Begin 
  Select point p[j] with maximum distance to 

the adjacent points in the list (l[1] and 
l[2] initially) 

  Append point p[j] TO L  
 End 
 Return L 
End 

Figure 4. Pseudo code of the data point importance list 
construction 
 
According to Fig.4, the PIPs identified in the earlier 
iterations should be considered as more important than 
those points identified later. Therefore, they have higher 
importance. Continued with the example in the previous 
sub-section, Fig.5 shows the reordered sequence of the data 
points based on the PIP identification process. The points 
with smaller number label are more important (e.g. PIP 3 is 
more important than PIP 4). Table II shows the data point 
importance list built for this example. Besides the 
importance of the PIPs, their corresponding amplitude y and 
vertical distance measured are also stored in the table for 
future references. A point needed to be mentioned here is 
that the fluctuation value, i.e. the VD value, is not 
guaranteed to decrease with the decrease in importance. It is 
because the measurement of VD depends on the global 
shape captured in previous PIP identification iteration but 
not an overall shape. So, the change of such shape will 
affect the calculation of VD of the data points in the 
original time series compared with the pattern formed by 
the identified PIPs (e.g. PIPs with importance 6 and 7). 
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 Figure 5. The order of points found by the PIP identification 
process 
 
 
 
 
 

 
 
Table II. Example of data point importance list 
Importance x y (Amplitude) Fluctuation (VD) 

1 1 0.1 n/a 
2 10 0.5 n/a 
3 5 0.9 0.62 
4 9 0.3 0.28 
5 3 0.3 0.20 
6 2 0.4 0.20 
7 6 0.6 0.15 
8 7 0.7 0.20 
9 8 0.4 0.10 

10 4 0.7 0.10 
 
With the construction of the data point importance list, the 
retrieval, analysis and processing of time series can be 
carried based on this list and different degrees of benefit, in 
terms of efficiency and effectiveness, can be obtained. A 
tree structure representation for storing the list is proposed 
in paper [32]. In this paper, the data point importance list is 
applied for dimensionality reduction to represent the time 
series in lower resolution for indexing. 
 
4. Stock Time Series Indexing based on 

Clustering 
 To facilitate time series indexing, representing the time 
series in low dimension is of fundamental importance. It is 
because time series data with different lengths always 
coexists and measuring the distance among them is the 
necessary step of the indexing process. Furthermore, a 
mechanism for representing time series in a low resolution 
can improve the efficiency of the indexing algorithm and 
maintain the visualization ability. Reference [33] further 
shows that initializing the clusters’ centroids on a low 
resolution of the data can improve the quality. Therefore, 
the overall process for the proposed stock time series 
indexing scheme can be classified as two main components: 
dimensionality reduction of the time series data to a lower 
resolution and the clustering process for time series 
indexing. 
 
4.1  Dimensionality Reduction by Accessing the 
 Data Point Important List 

With the data point importance list L built for the time 
series P, the low resolution of the time series SP can be 
obtained by selecting n number of PIPs from the top of the 
list as Fig.6, where n<<m. By applying this method, all the 
time series in the database can provide a lower resolution 
version of representation with uniform length for indexing 
and, therefore, dimensionality reduction can be achieved. 

 
 
 
 
 
 



  

 
 
Function PIP_retrieval (L, n) 
 Input:  sequence L[1..m] 
 Output: sequence SP[1..n] 
Begin 
 For i = 1 to n 
 Begin 
  Append point l[i] TO SP 
 End 
 Return SP 
End 

Figure 6. Data point retrieval from the data point important list 
for dimensionality reduction 
 
Referring to the example in section 3.2, if n=3, it means that 
the first 3 PIPs, (10, 0.5), (1, 0.1) and (5, 0.9), should be 
retrieved from the data point important list to represent the 
time series in lower resolution. The visualization result of 
the low resolution of the sample time series is as Fig.7. 
 

 
Figure 7. Low resolution (n=3) of the sample time series in Fig.5 
 
4.2  Building Index by Clustering 
 After we transformed all the time series in the database 
to a lower resolution, we can group the time series with 
similar shape together for indexing. Clustering is a common 
method for finding structure in given data [9, 11], in 
particular for finding structure related to time. There are 
many popular clustering techniques developed, such as 
hierarchical, nearest neighbor, and k-means algorithms. In 
the data mining context, the most common one perhaps is k-
means algorithm [34] and it is good enough for our time 
series indexing process. 
 
In k-means clustering, each cluster is represented by the 
center of the cluster, centroid. The k-means algorithm is 
implemented in 4 steps: (1) cluster objects into k nonempty 
subsets, (2) compute seed points as the centroids of the 
clusters of the current partition, (3) Assign each object to 
the cluster with the nearest seed point and (4) go back to the 
step 2, stop when no more new assignment or excess the 
maximum number of iteration. 
 
Suppose that there exist N objects, x1, x2, … xN, in the 
database, and we know that they fall into k compact clusters, 
k<<N. Let Mi be the mean of the vectors, that is, the cluster 
centroid, in cluster i. If the clusters are well separated, a 
minimum distance classifier can be used to separate them. 
That is, we can say that x is in cluster i of |x-Mi| is the 

minimum of all the k clusters. This suggests the procedure 
in Fig.8 for finding the k means. 
 
Function k_means_clustering (N) 
 Input:  object x[1..N] 
Begin 
 Make initial guesses for the means M1, M2, …, Mk 
 Until there are no changes in any mean or 
 excess the maximum number of iteration 
  Use the estimated means to classify the  
  objects into clusters 
  For i from 1 to k 
   Replace Mi with the mean of all the   
   objects for cluster i 
  End for 
 End Until 
End 
Figure 8. k-means clustering process 
 
To index the time series database by clustering process, all 
the time series in the database are the input objects for the 
clustering process and the low resolution of these time 
series is considered as the input feature vectors. As the low 
resolution of the time series n is smaller or equal to the 
smallest length among all time series in the database, all the 
time series can be indexed even though the length of 
original time series in the database are different. Finally, 
each of the time series will group into one cluster among k 
clusters as Fig.9. 
 
The distance between the low resolution of the time series 
(SP) from time series (P) and the cluster centroid Mi can be 
computed using direct point-to-point comparison, that is, 
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for all centroids, M, during the clustering process. 

 

 
Figure 9. Time series clustering 
 
 



  

 
4.3  Updating the Index 

In addition, it is an easy task to update the index when 
adding a new time series Pnew. The data point importance 
list of the new time series should first be built and the 
resolution of this time series can then be reduced to n, SPnew. 
Afterwards, it can be added to the cluster i that |SPnew-Mi| is 
the minimum of all the k clusters, or else, a new cluster has 
to be created for this new time series if |SPnew-Mi|>λ, where 
λ is an user defined threshold (Fig.10). 
 
Function Incremental_update (Pnew) 
 Input:  sequence Pnew[1..m] 
Begin 
 Lnew = Build_List (Pnew) 
 SPnew = PIP_retrieval (Lnew) 
 
 Find min(|SPnew-Mi|) for all cluster (M1 to Mk) 
 
 If min(|SPnew-Mi|)>λ 
  Create a new cluster Mk+1 for Pnew 
 Else 
  Append Pnew to cluster i 
 End If 
End 

Figure 10. Incremental updating of the index 
 
4.4  Query the Index 

After building the index, the users can query the time 
series database by first providing the shape of the time 
series, Q (i.e. query by example) with n number of data 
points or reducing the dimension of Q to n by building the 
proposed data point important list, where n is same as the 
low resolution of the time series in the database. Direct 
comparison can be applied between Q and the cluster 
centroids, M, using Eq.2. By identifying which cluster the 
query sequence belongs to (with minimum distance), only 
the time series which belongs to this cluster is needed to 
evaluate. By this method, the number of time series needed 
to examine can be reduced while the overall shape of the 
time series can still be preserved. Fig.11 shows the query 
procedure. 
 
Function Query (Q) 
 Input:  sequence Q[1..n] 
 Output: sequence P[i..m] 
Begin 
 Find min(|Q-Mi|) for all cluster (M1 to Mk) 
 Examine all the time series belongs to Mi and 
 find P which with the minimum distance with Q 
 Return P 
End 

Figure 11. Query process for our indexing approach 
 

5. Simulation Results 
In this section, the performance of the proposed time 

series indexing algorithm will be reported. The dataset used 
was taken from the opening price time series of the Hong 
Kong stock market. 200 stock time series with the length 
between 251 and 1685 were considered. And the average 

length is 1537. Five different time series were randomly 
selected from the dataset to serve as the query series and the 
figures of all the experiments were the average of the five 
results.  
 
Firstly, the effects on space consumption when increasing 
the resolution, which are the number of PIP retrieved n and 
the number of cluster k, were tested. Obviously, more space 
was required when increasing either the number of PIP or 
the number of cluster (Fig.12). 
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Figure 12. (a) Space consumption vs. number of PIP and (b) 
Space consumption vs. number of cluster 
 
Secondly, the CPU cost (i.e. speed) and the number of 
iteration needed to converge for building the index with 
different parameters settings, which are the resolution 
(number of PIP retrieved, n) and the number of cluster k, 
were tested. The number of clustering is fixed to 4. As 
shown in Fig.13, the increase of number of PIP raised the 
time for building the index. It is because the increase of the 
number of PIP augments the dimension of the input feature 
vector for the clustering process. Moreover, it was more 
difficult for the clustering process to converge in a higher 
dimension. More iterations were also needed (Fig.14). 
When the number of PIP was set to 15 and 20, the 
maximum number of iteration (i.e. 500 cycles) was reached. 
It means that the index built by these two experiments 
might have false dismissals as the clusters were not well 
separated. Fig.15 shows the shapes of the cluster centroids 
after the clustering process with different numbers of PIP. 
Similar shapes were obtained in different resolutions but 
more detail of the shapes was shown in higher resolution. 
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Figure 13. CPU cost for building the index against number of PIP 
(n) 
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Figure 14. Number of iteration for building the index against 
number of PIP (n) 
 

a)  

b)  

c)  

d)  

e)  
Figure 15. Visualization of  clusters’ centroids (a) n=3 (b) n=5 (c) 
n=10, (d) n=15 and (e) n=20 
 
Then, the number of PIP was fixed to 10. When increasing 
the number of cluster, the time for building the index 
increased more stably compared to the increase of the 
number of PIP. The result of the experiment shows that the 
dimension of the input feature vector dominates the time for 
the indexing process when comparing to the number of 
clustering. Furthermore, Fig.17 shows that the dependency 
between the number of cluster and the number of iteration 
needed for building the index was low but it should be in 
direct proportion.  
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Figure 16. CPU cost for building the index against number of 
cluster (k) 
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Figure 17. Number of iteration for building the index against 
number of cluster (k) 
 
Thirdly, the pruning power and the CPU cost of the 
proposed algorithm were measured with different n and k 
during the query process. Pruning power is defined as Eqt. 
(3) [14]. 
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In this part, the effect of n was tested first. The number of 
cluster k was fixed to 4. As shown in Fig.18 and Fig.19, 
both the pruning power and the query time were 
independent to the number of PIP but rather dependent on 
the number of cluster. Then, n is fixed to 10, and the effect 
of using different number of cluster k was tested. As shown 
in Fig.20 and Fig.21, the increase of number of clustering 
improved the query performance. However, as the size of 
the dataset was not large, the improvement was kept in 
stable after 4 clusters were used. 
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 Figure 18. Pruning power against number of PIP (n) 
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Figure 19. Query time against number of PIP (n) 
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 Figure 20. Pruning power against number of cluster (k) 
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 Figure 21. Query time against number of cluster (k) 
 
In the above experiments, although time is needed to build 
the index of the time series database, this is only a one-time 
process. On the other hand, the query time can be reduced 
in an obvious degree with no false dismissals when the 
clustering process could be converged before reaching the 
maximum number of iteration. It can be easily achieved by 
considering the low resolution (the number of PIP n) of the 
input feature vector. Moreover, the time series database can 
be updated easily as suggested in section 4.3. Finally, 
Fig.22 shows the comparison on the query time between the 
sequential scanning of the time series database and the 
proposed indexing approach (n=10 and k=4). Obviously, the 
proposed approach outperformed the sequential scanning 
and the query time could be kept stable when increasing the 
number of object in the database. 
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 Figure 22. Comparison on the query time between sequential 
scanning and the proposed indexing approach 
 

6. Conclusions 
In this paper, a stock time series indexing approach is 

proposed. It is based on data point importance to reduce the 
dimension of the time series data. Then, the clustering 
process is applied to the low resolution of the time series for 
indexing. This method can solve the problem of the 
coexisting of time series with different lengths in the 
database. It is not only efficient but also effective. The 
proposed approach is customized for stock time series data 



  

which has its unique behaviors. As demonstrated by the 
experiments, the proposed approach speeds up the time 
series query process while no false dismissals can be 
guaranteed. In addition, the proposed approach can handle 
the updating problem of the time series database without 
any difficulty. For further development, it is possible to 
further enhance the indexing process by applying the 
concept of hierarchical indexing. That is, multiple-
resolution clustering technique can be applied and clustered 
the time series data from low resolution to high resolution.  
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