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Abstract
Temporal data analysis and mining has attracted substantial interest due to the
proliferation and ubiquity of time series in many fields. Time series clustering is
one of the most popular mining methods, and many time series clustering algo-
rithms primarily focus on detecting the clusters in a batch fashion that will use a
lot of memory space and thus limit the scalability and capability for large time-
series. The BIRCH algorithm has been proven to scale well to large datasets,
which is characterized by an incrementally clustering data objects using a single
scan. However  the Euclidean distance metric  employed in BIRCH has been
proven to not be accurate for time series and will degrade the accuracy perfor-
mance. To overcome this drawback, this work proposes an extended BIRCH al-
gorithm for large time series. The BIRCH clustering algorithm is extended by
changing the cluster feature vector to the proposed modified cluster feature,  re-
placing the original Euclidean distance measure with dynamic time warping and
employing DTW barycenter averaging method as the centroid computation ap-
proach, which is more suitable for time-series clustering than any other averag-
ing methods. To demonstrate the effectiveness of the proposed algorithm, we
conducted an extensive evaluation of our algorithm against BIRCH,  k-means
and their variants with combinations of competitive distance measures. Experi-
mental results show that the extended BIRCH algorithm improves the accuracy
significantly compared to the BIRCH algorithm and its variants, and achieves
competitive and similar accuracy as k-means and its variant, k-DBA. However,
unlike k-means and k-DBA, the extended BIRCH algorithm maintains the abil-
ity of incrementally handling continuous incoming data objects, which is the
key to cluster large time-series datasets. Finally the extended BIRCH-based al-
gorithm is applied to solve a subsequence time-series clustering task of a simu-
lation multi-variate time-series dataset with the help of a sliding window.

Keywords: Time series, Data stream, Clustering, BIRCH, DTW, DBA.
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1 Introduction
The unmined data contain underlying patterns and knowledge that could be of
great importance for knowledgeable decisions. Data mining is used to extract
underlying, unknown and potentially useful information by constructing com-
puter programs to implement the ability to mine patterns or orderliness [1][2].
The patterns and orderliness found could be used to predict future data accu-
rately and understand and improve past behavior [3].

Data are organized in sequences naturally containing an ordering on values (e.g.
data streams, handwriting, etc.), or explicit timing information like stock, audio
and video, etc. are referred to as time-series. The data mining techniques used
to deal with time-series are known as temporal data mining techniques. Time-
series data mining techniques have been applied in a great number of domains,
ranging from science, engineering, business, and finance to government [3][4].
In recent decades, there has been an explosion of research devoted to time se-
ries data mining techniques e.g. patten detection, behavior-related data analysis,
and abnormality detection  [6]. Out of all time-series data mining techniques,
clustering is more frequently used than other methods, a benefit of which is that
it does not need to rely on expensive human supervision or data annotation [30].
Given a set of unlabeled time-series, time series clustering groups similar time
series into a cluster where the time series are more “similar” to each other than
time series from other clusters [13]. With the help of clustering, interesting pat-
terns in time series can be identified and summarized  [36]. Many disciplines
deal with large volumes of time series and time series clustering techniques,
like finance, engineering and medicine [33][34][35].

1.1 Motivation and problem statement
So far various algorithms have been developed to cluster different types of time
series. An important direction in developing time series clustering is to replace
the distance measure of static clustering with another one, which is more appro-
priate for time series comparison [13]. Static clustering methods focus on clus-
tering static data, which do not change after being recorded [29], e.g. k-means,
PAM, the agglomerative hierarchical clustering method and EM. Most static
clustering algorithms work in batch fashion and do not work well with time se-
ries. This is because of their unique characteristics: high dimensionality, high
correlation of sequential features, and high degree of noise. Many time series
developed based on these static clustering methods do not scale well to large
datasets [45].

We adopted BIRCH method as a basis for the time series clustering method for
the following benefits: 1) the BIRCH algorithm is able to incrementally and dy-
namically cluster data points, 2) BIRCH is able to generate a good clustering re-
sult by single scan of the incoming data points, 3) BIRCH is able to scale well
to very large datasets. Using the above merits, the BIRCH algorithm is able to
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incrementally cluster incoming data points, which is a very important character-
istic for real applications in certain domains. Examples of this are subsequence
time series clustering of data streams from sensor networks, abnormality detec-
tion of human motion [46]. 

However, the distance measure used in the BIRCH algorithm, known as the Eu-
clidean distance measure, has been proven to not be appropriate for time series
comparison: this distance measure would degrade the accuracy of time series
clustering [19]. To improve the performance of the BIRCH algorithm on time
series clustering, a more appropriate time series similarity measure need to be
used to replace the Euclidean distance measure. However, time series similarity
measures could not be calculated from the original clustering feature (CF) of
the BIRCH algorithm, which could compute Euclidean distance easily and is
the key point to achieve incremental clustering and scale to very large datasets.
This means that changing the Euclidean distance measure to other time series,
similarity measure will destroy the scalability of BIRCH, if another cluster fea-
ture that can be used to easily calculate employed time series similarity measure
is not developed.

1.2 Overall aim
The project’s overall aim is to propose a time series clustering, an extended
BIRCH time series clustering algorithm, which would be able to deal with con-
tinuously incoming time series.  Considering the drawbacks of the Euclidean
distance measure in the BIRCH algorithm and the challenges associated with
modifying the similarity measure, we proposed an extended BIRCH algorithm
with  an  average  time  sequence  vector  under  dynamics  time  series  warping
(DTW). This algorithm would be able to 1) provide a model representation that
is not only compact, but also does not grow with the number of objects pro-
cessed, 2) scale to a large volume of time series that are continuously arriving,
3) generate better accuracy performance compared to the original BIRCH algo-
rithm.

1.3 Concrete and verifiable goals
As mentioned above, the proposed clustering algorithm attempts to deal with
continuous incoming time series. To do so, the extended BIRCH time series
clustering algorithm should meet the following requirements:

Employ a more appropriate similarity measure for time series: The similar-
ity distance measure definition sometimes even has even more impact than an
algorithm mechanism for the clustering results [42]. A more appropriate time
series  similarity  measure  should  be  employed  in  the  proposed  algorithm to
achieve a better  accuracy performance.  Dynamic Time Warping proposed in
[19] has been proven to be more accurate than the Euclidean metric for time-se-
ries data, and its relevance has been presented in various applications. Accord-
ingly, in this project DTW is employed as the distance measure for time series.

Provide a compact model representation with no growing size:  It is a big
challenge to store the whole clustered time series in a database as with tradi-
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tional data clustering methods [2], when the volume of data is large or infinite.
The memory space used will limit the scalability of the time-series algorithm
when dealing with large time-series datasets. Thus a compact memory-limited
representation of clusters is needed, which does not only have the ability to rep-
resent the time-series included but also uses limited space despite the large or
unlimited time series being mined. The cluster feature in BIRCH is a compact
and consistent representation of clusters, from which the Euclidean distance be-
tween clusters or data objects can be calculated. However, as the Euclidean is
replaced by DTW, the original cluster feature cannot be used to calculate DTW
distance in BIRCH, thus a modified cluster feature is proposed in the extended
BIRCH algorithm which is able to not only represent the time-series included
using limited memory space, but also easily calculate DTW distance.

Incremental processing of time series: Considering the large size of the time-
series datasets, storing the large datasets in the main memory or a second mem-
ory disk is a big challenge. Meanwhile random access of data object is prohibi-
tively expensive when the number of objects is too great.. This is a natural con-
straint of large time-series datasets because of its large or infinite size. There is
no time or may even be impossible to reread the time series for the computa-
tion. Considering the above two main limitations, single scan of data is adopted.

1.4 Methodology and method
To demonstrate the effectiveness of the extended BIRCH time-series clustering
algorithm, we have done an extensive evaluation on 34 datasets in our experi-
ment,  where we compared the proposed algorithm against  the BIRCH algo-
rithm, its variants that are combined with DCT, k-means and k-DBA algorithms
by taking Adjusted Rand Index (ARI) as accuracy index and runtime as effi-
ciency index. In addition to the accuracy loss and efficiency improvement of the
modified cluster feature and, the adapted DBA is also quantified compared to
the  original  DBA technique.  To guarantee the  reproducibility of  our  experi-
ments,  we described our  methodology and experimental  setting in  detail,  as
well as the public time series datasets used. 

1.5 Scope
This study focuses on clustering of large time series datasets, like subsequence
time-series datasets captured from long temporal series. This work is  distin-
guished by replacing the original Euclidean distance measure with DTW and
employing the DTW barycenter  averaging method to calculate  the  averaged
time series as an element of the modified cluster feature in the extended BIRCH
algorithm. In this work, we focus on the accuracy and efficiency comparison;
statistical analysis of all pairwise comparisons of algorithms is not evaluated.
Meanwhile, the Adjusted Rand Index (ARI) is employed to evaluate the accu-
racy performance in experimental evaluation instead of Rand Index and error
rate, etc., which are frequently used. 
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1.6 Outline
The remainder of this report is organized as follows: Chapter 2 reviews impor-
tant research related to the problems this work deals with, including clustering
analysis, time series clustering, distance measures, DTW barycenter averaging
methods along with discrete cosine transformation (DCT). Chapter 3 provides a
detailed analysis of the proposed algorithm and its components. Chapter 4 intro-
duces  the experimental  setting and Chapter  5  presents  the experiments  con-
ducted to prove the functionality and effectiveness of the proposed work and
quantifies the accuracy loss and efficiency improvement of the adapted DBA.
Chapter 6 presents an application of the extended BIRCH-based clustering al-
gorithm combined with a sliding window, aiming to show how the proposed al-
gorithm performs on the real dataset. Finally, Chapter 7 concludes this report
and discusses possible future work.
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2 Theory 
In this  section, relevant theoretical background knowledge will  be reviewed:
classic clustering algorithms are introduced in Section 2.1, and time series and
time series clustering are reviewed in Section 2.2. The most popular distance
measures for time series data are discussed in Section 2.3, which is followed by
time series averaging techniques for centroid computation in time series cluster-
ing approaches in Section 2.4. In addition,  two classic clustering algorithms
used in this project are introduced in Section 2.5 and Section 2.6 respectively:
the BIRCH and k-means algorithms. Finally DCT transformation is reviewed in
Section 2.7, which is used to summarize time series as a compared modification
method in  the  following  evaluation  experiments.  Window models  are  intro-
duced in Section 2.8, which is combined with the proposed algorithm for appli-
cation on the real datasets in Chapter 6.

2.1 Clustering analysis
Clustering aims to partition n observations into k clusters, in which each cluster
is characterized by high similarity between observations within a cluster, and
high dissimilarity between observations from different clusters [7]. Many clus-
tering algorithms are proposed and studied, and according to the general proce-
dures of the clustering process, clustering algorithms can be broadly classified
as follows:

Partitioning-based: In these algorithms, the data objects are partitioned into a
number of partitions and each partition stands for a cluster, which should fulfill
two requirements: 1. Each partition must include a minimum of one object, and
2. Each object must belong to a single group. The two main advantages of parti-
tioning-based algorithms are 1) they are simple and relatively scalable and 2)
they are suitable for datasets of spherical clusters. Meanwhile they also have
several drawbacks: 1) partitioning-based algorithms are sensitive to noise, out-
liers and initial seeds, 2) they are unable to handle datasets of non-convex clus-
ters of varying size and density, 3) they rely on the user-defined cluster number,
which requires apriori dataset information, 4) this type of clustering algorithms
frequently entraps into local optima and 5) they suffer from severe effectiveness
degradation in high dimensional space [1][5].

Hierarchical-based: These types of methods can be divided into agglomerative
algorithms,  i.e.  bottom-up and divisive algorithms (top-down),  see Figure 1.
The former starts with one object as one cluster and merges two or more appro-
priate clusters together recursively to form a deprogram [9]. In contrast, the di-
visive clustering algorithms start with all the data as a cluster and divide the
most appropriate cluster into two or more clusters recursively [10]. The recur-
sive process of hierarchical-based algorithms will  continue until  it  reaches a
stop criterion. The main advantages of hierarchical-based clustering algorithms
are 1) no need of apriori information about the cluster number and 2) its embed-
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ded flexibility regarding the level of granularity. However, it still has several
disadvantages: 1) it cannot undo operations once the splitting or merging deci-
sion has been made, 2) the computation complexity is prohibitively expansive
for massive datasets with high dimensions and 3) it suffers the curse of dimen-
sionality phenomenon in high dimensional space [2].

Figure 1:  Agglomerative and divisive hierarchical-based algorithms [37].

Density-based: In the density-based algorithm, a cluster is defined as a con-
nected dense element, which could grow in any direction following the density.
This feature makes it possible to discover clusters of arbitrary shapes and  pro-
tect against outliers in nature. Thus the data objects will be partitioned accord-
ing to their density, boundary and connectivity, which means data objects are
closely related to their nearest neighbors  [40]. Unlike partitioning-based algo-
rithms that can only handle datasets with non-convex-shaped clusters, density-
based algorithms are well suited to deal with datasets of arbitrary-shaped clus-
ters of varying size, and they are insensitive to noise and outliers. But density-
based algorithms rely on  the  setting  of  algorithm parameters  and suffer  the
curse of dimensionality phenomenon with high-dimensional datasets [3].

Grid-based: The key to this type of algorithm is that the data space is divided
into a number of grids, which brings multiple advantages. The main advantage
is that it offers fast process time, because it scans the original data once to com-
pute the statistics values of the grids, and clusters the grids instead of the origi-
nal data, which is much larger than the number of grids [41]. In addition, it can
handle noise and outliers well.  However,  algorithms also face the following
challenges: 1) reliance on the setting parameters of the grid structure size, 2) lo-
cality of clusters and 3) sensitivity to the selection of merging conditions to
form efficient clusters [42].

Model-based: This method is based on an assumption that data objects are gen-
erated based on a mixture of multiple certain distribution and aims to optimize
the  fit  between  these  assumed  probability  distribution  models  and  the  real
dataset [12]. This type of algorithm, which is based on mixture of models, has
the following drawbacks: 1) it is computationally expensive if the number of
distribution is large and 2) it is difficult to estimate the number of clusters, etc.
But model-based algorithms are more general than partitioning clustering [43].
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2.2 Time series clustering algorithms
The clustering algorithms described above are designed to deal with static data,
that does not change after being recorded, and they cluster each record inside a
static  dataset  [29].  Unlike  the  static  data  involved  in  static  clustering  algo-
rithms, time series is a set of records characterized by a time stamps feature.
Given a set of unlabeled time series, clustering algorithms aim to group similar
time series into a cluster, and these unlabeled time series could be from for ex-
ample  machine monitoring data generated at different periods, a sensor, or mul-
tiple sensors [13].

Using the time attribute feature, the choice of time series refers to whether the
time series are uniformly or non-uniformly sampled, uni-variate or multivariate,
and equal or unequal in length. Various algorithms have been developed to clus-
ter different types of time series, and all these algorithms can be divided into
three classes [13]: 1. Raw-based approaches, 2.Feature-based approaches and 3.
Model-based approaches (see Figure 2). The raw-based approaches usually re-
place the distance measure for static data objects with a version that is more ap-
propriate for time series comparison. These types of methods are not limited in
terms of domains; it is suitable for almost all domains. The remaining two ap-
proaches usually transform the time series into static data objects in advance, to
be able to handle incoming data directly without modifying the classic static al-
gorithms described in  Section 2.1.  Compared to  the first  method,  these two
types of methods are domain-dependent, which means application in different
domains require extraction of features and models in different ways or using
different coefficients. 

Figure 2: Three time series clustering approaches: (a) raw-data-based, (b) feature-based,
(c) model-based [13].

Because of the limitation of the latter two approaches, we followed and com-
pared  two  popular  raw-based  clustering  algorithms  in  this  project:  k-means
(Section 2.7) and the BIRCH algorithm (Section 2.6) and their variants.
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2.3 Time series distance measures
Time series are distorted in different ways according to their different domains,
and to compare time series and calculate the dissimilarity and similarity mean-
ingfully, distance measures need to satisfy a number of invariances which in-
clude [14]: 1) Scaling and translation invariance which recognizes the similarity
without being interfered by amplitude scaling and offset;  2) Shift invariance
which is able to consider the similarity when there is a global phase shift (two
series are similar but the phases differs) or local phase shift (two series are simi-
lar but parts of sequences are different in phase) for two time series; 3) Uniform
scaling invariance which measures similarity by stretching shorter time series or
shrinking longer time series when time series are different in length. In most
cases or all of the above invariance need to be fulfilled when we deal with time
series. To satisfy the invariances, a pre-process, for example z-normalizing [15],
is used to eliminate the corresponding distortions. However for the invariances
that could not be fulfilled by trivial methods, sophisticated distance measures
need to be defined to achieve corresponding invariance. 

So far, the state-of-the-art methods used to compare time series are z-normaliz-
ing the time series followed by measuring dissimilarity with an appropriate dis-
tance measure, in order to capture more time series invariances [30]. There have
been multiple efficient and accurate time series distance measures defined to
compute the dissimilarity or similarity of time sequences. Recently, Wang et al
[16] evaluated and compared 9 time sequence distance measures and their vari-
ants with 48 time series datasets. Finally they found that the Euclidean distance
measure could generate reasonably accurate results through an efficient and fast
process, meanwhile the Dynamic Time Warping (DTW) distance measure and
its variant had an accuracy that outperformed other distance measures. 

Euclidean distance is the most widely used distance measure in static data clus-
tering methods. It calculates the dissimilarity of two sequences X=(x1, x2, x3, …,
xm) and Y=(y1, y2, y3, …, ym) as follows: 

ED (x⃗ , y⃗ )=
2√ ∑

i=1

m

(x i− y i)2 (1)

Although the Euclidean distance measure can calculate the distance between
static data fast and efficiently, it only fulfills a few of the time series invariances
and cannot capture the flexible  similarity,  which is  an important  time series
characteristic. For example, T1 = <b, a, b, b> and T2 = <b, b, a, b> are different
according to Euclidean metric, even though they represent similar trajectories
truly.

DTW, is a popular time series distance measure able to achieve multiple time
series invariances, e.g. shift invariance and uniform scaling invariance. DTW is
used to compute the optimal match between two input sequences (e.g. time se-
ries). The calculated sequences are “warped” non-linearly (elastic) in the time
axis to determine a measure of their similarity, which does not depend on cer-
tain non-linear variations in time axis. The following figure demonstrates the
comparison between Euclidean and DTW distance measure.
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Figure 3: Comparison of Euclidean distance and DTW [38].

To compute the DTW distance between two given sequences, an m-by-m matrix
M,  which consists of the Euclidean distance between any two points of two
given sequences, is constructed. A warping path W={w1,w2,…,wk} is a contigu-
ous set of elements in matrix M, and it defines an optimal mapping between the
two given sequences under several user defined constrains:

DTW ( x⃗ , y⃗)=min√ ∑
i=1

k

w i (2)

To calculate the path W, we could adopt dynamical programming to evaluate
the following recurrence on matrix M: 

γ (i , j)=ED(i , j)+min {γ (i−1, j−1),γ (i−1, j),γ (i , j−1)}  (3)

Figure 4 presents the computation of the warping path W.

Figure 4: Computation of  warping path [39].
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2.4 Time series averaging techniques
It is a difficult task to calculate an average sequence (i.e. the centroid for clus-
tering) which is critically dependent on the distance measure employed in the
algorithm. Several the state-of-the-art averaging techniques are reviewed as fol-
lows.  For  algorithms  employing  Euclidean  distance  measure,  the  arithmetic
mean of sequences is used as the average sequence, like in k-means algorithms
where the centroid of time series is computed by the arithmetic mean. However,
since DTW is more suitable for many time series clustering tasks [17][18], there
have been several methods defined to compute the average sequences under
DTW. Dynamic Time Warping Barycenter Averaging (DBA)  [19] is the most
robust time series averaging method so far and it outperforms all other existing
time series averaging methods on all the UCR Archive datasets. The details of
the DBA techniques are shown in Algorithm 1, 2 and 3. In DBA, the initial av-
erage time series T which is selected from the time series is refined iteratively
using the expectation-maximization scheme. In  [20], the author supplemented
the convergence property of DBA. 
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2.5 BIRCH algorithm
As a classical hierarchical-based clustering algorithm, balanced iterative reduc-
ing and clustering using hierarchies (BIRCH) is characterized by incrementally
and dynamically clustering incoming data objects that could be large and multi-
dimensional [11]. In most cases, the BIRCH algorithm only needs single scan of
the dataset. According to these merits, which fulfill the requirements of the de-
sired clustering algorithm, the BIRCH algorithm is used as the basis of the pro-
posed clustering algorithm.

To briefly and efficiently represent meta-data and cluster objects, the BIRCH al-
gorithm employs two new concepts for the general cluster description: cluster-
ing feature (CF) and clustering feature tree (CF Tree). A CF tree is able to out-
line the clustering of valuable information of incoming data objects by using a
much smaller space, as opposed to storing all meta-data. This feature facilitates
the feasibility of clustering large datasets on the scalability. CF, as a representa-
tive of an underlying cluster of one or multiple data objects, is a node element
in the BIRCH tree building on the idea that data objects that are close enough
should be clustered as one group.

CF is stored as a vector of three values: CF = (N; LS; SS), where N means the
number of data objects it encloses,  LS and  SS represents the linear sum and
square sum of the data objects enclosed, as shown below:

CF=(N , L⃗S1 , SS1)=(N ,∑
i=1

N

X⃗ i ,∑
i=1

N

X⃗ i
2
) (4)

Given the CF vectors of clusters, it has been proven that it is easy to calculate
the Euclidean distance measure between two cluster centroids or other common
quality metrics. In addition, the cluster of two disjoint clusters could be easily
calculated by merging the two clusters’ CF vectors following the Additivity
Theorem, as shown below:

CF1+CF2=(N1+N2 , L⃗S1+L⃗S2 ,SS1+SS1) (5)

The BIRCH algorithm can be described as follows: 
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Figure 5: BIRCH algorithm dendrogram [2]. 

The BIRCH algorithm takes a set of N data objects as input and generates a
dendrogram (see Figure 5), which indicates inserted data objects’ position and
vein structure.  It  is possible to obtain the desired cluster number and corre-
sponding cluster distribution according to different cluster levels. The BIRCH
algorithm operates in four phases, of which the second and fourth phases are
optional, and the steps are shown in full in Figure 6.

Figure 6: BIRCH overview [11].

In the first phase, data objects are inserted into the CF tree, which is character-
ized by two key parameters: branching factor B, which indicates the maximum
number inside each non-leave node, and threshold T, which indicates the size of
the leaf-node. The insertion operation consists of three steps: 1. Starting from
the root, recursively descend the CF-tree to find the appropriate leaf node. 2. If
the closest CF leaf could not absorb the data object, a new CF entry will be
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made and if there is no room for a new leaf to be established, the parent node
will be split.  3. Update this operation on the path back to root node.

In the rebuilding phase (the second phase), the leaf entries in the initial CF tree
are scanned and a smaller CF tree will be rebuilt by removing outliers and clus-
tering crowded sub-clusters into a large cluster, which will need to generate a
larger threshold T.

In the third phase, a global or semi-global clustering algorithm (e.g.  k-means,
CLARANS, etc.) could be used to cluster all the leaf entries, which allows users
to  specify  desired  cluster  number  or  other  parameters  defined  in  employed
global or semi-global clustering algorithms. So far, the original data is scanned
only once in the first phase, which means the whole dataset does not have to be
stored in memory to perform BIRCH clustering and this feature allows BIRCH
to work with data stream clustering.

In the fourth phase, the BIRCH algorithm treats the centroid of clusters gener-
ated in the third phase as seeds, and redistributes the data objects to its closest
seed, so that a set of new clusters is obtained.

2.6 The k-means algorithm
The k-means algorithm [8] is a typical partitioning-based algorithm, in which a
centroid serves as a representative of a cluster and is defined as the point that
minimizes the square distances to the other data points. It is calculated as the
arithmetic average of all points and coordinates. As the  k-means algorithm is
one of the simplest clustering algorithms, it can generate clustering results effi-
ciently, which is important for data stream clustering that requires timing clus-
tering results.  The simplified process of the k-means algorithm is shown as be-
low:
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2.7 Representation methods for time series
In most real cases, time series has a common property: the consecutive values
of time series are highly correlated  [22],  rather  than independent,  which in-
creases the complexity of developing effective feature selection methods and to
achieve time series clustering directly using time series data. However, spectral
time series decomposition methods could be used to alleviate this problem [23].
This to transform the time series from the time domain into another domain, to
de-correlate the time features inside the time series and extract the hidden struc-
ture. The sequences generated are known as representation of the original time
series. There are many sophisticated representation methods e.g. Discrete Co-
sine Transform (DCT), Discrete Fourier Transform (DFT) and Discrete Wavelet
Transform (DWT). In this section, the popular time series transformation tech-
nique, (DCT) is reviewed.

As a Fourier-related transform, DCT employs only cosine functions to trans-
form the time series from the time domain to the frequency domain, instead of
using cosines and sins like DFT. It has been widely used as an image compres-
sion technique in JPEG and as a video compression technique in MPEG. The N
real number x0, x1, …, xN-1 are transformed into N real numbers X0, X1, …, XN-1

according to the following formula: 

X f=K ( f )∑
i=0

n−1

x i cos
Π f (i+0.5)

n
f=0, ... , n−1 (6)

in which K ( f )= 1

√n
when f=0, and K ( f )= 2

√n
when 1≤ f ≤ n-1. K ( f )

makes DCT an orthonormal transformation.

Like the Fast Fourier Transform (FFT), DCT is able to calculate all coefficients

using ϴ (N logN) operations, which is faster than DFT. In this project, we study
the impact of DCT on the improvement of performance of time series clustering
using the Euclidean distance measure. For this work we chose instead of DFT
for the following reasons: 1. DCT coefficients are real numbers which is conve-
nient  for  further  processing.  however,  DFT coefficients  are  complex,  which
means more steps are needed to process the generated representation sequences.
2. In contrast to DFT suffering the “frequency leak” problem when dealing with
simple trends, DCT could work well with signal trends. 3. DCT could concen-
trate the energy of time series which has highly correlated successive values
better than DFT [44].
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2.8 Sliding window model
There is much research on clustering uni-variate time series data (as described 
in Section 2.2), which is known as whole clustering. This type of time series 
clustering method could be summarized as: given a set of individual time series,
the purpose is to cluster similar individual time series into a single group [53]. 
In addition to whole clustering, there is another type of time series clustering 
called subsequence time series clustering (STSC), which is designed for appli-
cations where single and long time series, sometimes in the form of streaming 
time series, are mined to discover patterns that occur in a single time series at 
arbitrary positions [53]. Formally, STSC is defined as follows: given a time se-
ries T of length m, a subsequence Cp of T is a sampling of length w < m, which 
consists of contiguous time instances from T.

Unlike the sliding window model employed in data stream clustering (Section
2.5), which is used to store more recent information from data streams that can
reflect the concept drift of stream data,  the sliding window in STSC is used to
extract subsequences from time series, sometimes in the form of streaming data.
There are several sliding windows techniques proposed, typically, one such a
technique is defined as follows: 

Assume T is a real time series of length m:

T = [x1, x2, ... , xN ] , x i∈ℝ , i=1, ...m    (7)

subsequences  si  are extracted from time series  T  using a  sliding window of
width w:

C p = [x p , x( p+1) , ... , x( p+w+1)], p=1...(m+w+1)    (8)

then the extracted subsequences  Cp are clustered in order to discover the pat-
terns existing in time series  X.  The figure illustrates the sliding window and
subsequences extraction procedure. In Figure 7, the length of time series  T is
128, the width w of sliding window is 67 and the first 8 extracted subsequences
by sliding window are also shown.

Figure 7: An illustration of the sliding window technique [47].

In  [48], another sliding window method is proposed in the wider context of
methods of delays. The subsequences of width w extracted from time series X
using a sliding window are formed according to the following equation:
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z p=x p−(w−1)q , x p−(w−2)q , ... , x p−q , x p    (9)

where zp is called a delay vector (a subsequence), and q is an introduced lag fac-
tor so that the time instances in zp cannot be contiguous members in the original
time series X.

In this report, we focus on mining patterns that occur in multiple time series
(multi-variate time series) at arbitrary positions. The objective and method is
similar to STSC in single time series,  the only difference is multiple time series
are bounded together as an aggregated sequence in order to apply the typical
sliding window. You will find more information about the sliding window em-
ployed in this report in Section 3.1.
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3 Model
Our objective  is  to  develop an accurate  time series  clustering algorithm for
large  time  series  datasets,  like  subsequences  datasets  extracted  from  data
streams. To achieve this target, we developed an extended BIRCH algorithm
which employed a modified CF vector and DTW distance measure which is in-
variant to scaling and shifting. Meanwhile, to address the problem of averaging
time series under DTW, we employed a state-of-the-art time series averaging
technique DBA (Section 2.4) which is adapted to our algorithm with appropri-
ate modification. Specifically, the CF vector is introduced first, and it is modi-
fied to fit the extended BIRCH algorithm in Section 3.1. Based on this modified
CF vector, we introduce the adapted modification in DBA, which increases the
process efficiency, making it suitable for a large volume of time series in Sec-
tion 3.2. Finally, we discuss the extended BIRCH clustering process in Section
3.3 which retains the first three phases of the original BIRCH algorithm. 

3.1 Clustering Feature vector 
In the BIRCH clustering algorithm, CF is stored as a vector of three values: CF
= (N, LS, SS), where N means the number of data objects included, LS and SS
represents the linear sum and square sum of data objects included, respectively.
It has been proven that it is easy to calculate the Euclidean distance between
two cluster centroids or other common quality metrics with the help of the CF
vectors of clusters [11]. In our project, to improve the performance of comput-
ing dissimilarity between time series, DTW distance measure is employed in-
stead of Euclidean, whereas the original CF vector could not be used to calcu-
late dissimilarity under DTW. To overcome this problem and facilitate the com-
putation of the centroid distance of two clusters,  the CF vector is modified in
the BIRCH algorithm, only employing the centroid distance under DTW as a
distance between clusters and data objects, as opposed to the five dissimilarity
alternatives  in  the  original  BIRCH  algorithm  (centroid  Euclidean  distance,
centroid  Manhattan  distance,  average  inter-cluster  distance,  average  intra-
cluster distance and variance increase distance [11]).

Given  N d-dimensional time sequences in a cluster,  the modified Clustering
Feature is defined as a double: CF = (N, ATS), where N means the number of
data objects included in this cluster, and  ATS represents the average of time
series under DTW, which is computed from the adapted DBA which will be in-
troduced in the next Section. According to this definition, the modified CF can
be considered a summary of clusters including multiple time series.  With the
modified CF of clusters, an approximate of the centroid DTW distance between
clusters can be computed. However the modified CF does not grow with the
processed data objects, which is proven in the following: 

18



An extended BIRCH-based clustering algorithm for large time-series datasets
Jiahuan Lei 2016-08-02
Assuming that CF1 = (N1, ATS1) and CF2 = (N2, ATS2) are the CF vectors of two
different clusters, then the CF vector of the cluster that is formed by merging
these two different clusters is:

CF1+CF2=(N1+N2 , ATSS) , of which ATSS=adpted DBA (ATS1, ATS2)

 (10)

the new ATSs, which is generated by computing the average sequence of ATS1

and ATS2 in adapted DBA, has the same sequence length as these two input se-
quences.

According to the above proof, the modified CF vectors maintains compactness
which uses less memory space than all the included time series of a cluster.
However it is sufficient to calculate the centroid distance under DTW, which is
needed to make clustering decisions.

3.2 Adapted DBA technique 
To calculate the ATS element of CF effectively, DBA is used in our algorithm,
which is known as the best-so-far method to average time series for DTW. In
[19], it is shown that DBA outperforms all existing averaging techniques on all
datasets of UCR collection. DBA takes a set of sequences as input and output
the average sequence. This is an iterative process and each iteration includes
two parts. 1) Finding the association: Finding the association between the coor-
dinates of temporary average sequences and the coordinates of the input se-
quences by computing DTW between each input sequence with current (tempo-
rary) average sequence. 2) Updating the mean: According to the computed as-
sociations in the last step to update the average sequence. 

In the first step, given the complexity of DTW is ϴ(T2), the complexity is ϴ(N･
T2), where N is the number of input sequences. In the second step, the time

complexity of this update step is ϴ(N･T). For a single iteration DBA with N in-

put sequences of length T, the overall complexity of DBA is ϴ(N･T2 + N･T )=

ϴ(N･T2  ) [19]. Accordingly, the complexity of DBA is linear growth with the
amount of input sequences, which means that when the sequences number in-
creases to a large number,  computation will become severely difficult,  espe-
cially for time series datasets which are extracted from large or infinite data
streams. To solve this problem, we adapted the input sequences of the first step
and the calculation method of the second step of DBA in order for the overall
complexity to not grow with the number of sequences.

In the BIRCH algorithm, averaging operations are triggered when there is a
new time series inserted, or merging refinement behavior is triggered. The fun-
damental reasons behind averaging operations in practice are: 1) time series xn

is inserted into sub-cluster X following a certain path from root to leaf node, or
2) two clusters (or both sub-clusters) X, Y are merged together with their child
nodes (or included in time series) in the merging refinement process. 
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In the first case, a new sequence  xn is inserted into a certain a cluster repre-
sented by CF (N, ATS), then a new ATS of cluster X will be computed, and this
new CF with the new computed  ATS will be updated upwards to root. To de-
crease the complexity of the averaging process, instead of taking the whole N
included time series of cluster X and the new inserted time series xn as input for
the first step in DBA, we take ATS of cluster X representing included time series
and the new sequence xn as input with the penalty of accuracy loss. This modifi-
cation is carried out because it is unfeasible to store and randomly access all se-
quences inserted in the clustering for large time series. Specifically,  during step
1, N ATSes and the new incoming sequence xn  are used as input sequences for
DBA. However this modification was still unable to restrain the linear growth
with the amount of input sequences because DBA still needed to compute the
average sequences of (N+1) input sequences. To increase efficiency and restrain
the growth speed, we only use one ATS and the new incoming sequence xn  as
input, while the initial temporal average sequence is set as the input ATS.

Following step 1, each Ct  coordinate of the temporary average sequence has a
set of coordinates {p1, p2,… ,pm}, ( 2⩽m<T ) associated with it, where T is
the length of the input sequence. Since the coordinates’ temporal average se-
quence association and input sequences are constructed under DTW, and the
initial average sequence is set to ATS, if the ATS is the first sequence to make
an alignment and construct the coordinates association with the initial average
sequence under DTW, these two sequences will be aligned completely as they
are the same sequence. Meanwhile the associated coordinate set of  each coordi-
nate of the temporal average sequence only one element, and it is the corre-
sponding coordinates of ATS. Simply, two identical sequences will be aligned
completely under DTW and the associated coordinates of one sequence  is the
exact coordinate of the same position of the other  sequence.  Thus  p1 corre-
sponds to the coordinates of ATS compared to the temporary average sequence,
p2, …, pm  are the coordinates of the incoming new sequence, in particular the
number of m depends on the sequence to compute and it is impossible to predict
the association between the temporal average sequence and the new sequence. 

The barycenter of this set of coordinates (the arithmetic mean of the set) is com-
puted as the new coordinate of the average time series (as shown in Formula 7)
[19]. 

barycenter {assoc(C t)}=
N⋅p1+p2+ ...+pm

N +m−1 (11)

This modified barycenter calculation method would generate the same result as
taking N ATSes and the new incoming sequence xn as input sequences of DBA,
and this conclusion could easily be proved as follows:

barycenter {assoc(C t)}=
p1+ p2+...+ pN+m−1

N +m−1

=
N⋅pa+ pN+1+ ...+pN+m−1

N+m−1
, if ( p1 , ... , pN= pa)  (12)
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According to this adaption, in the first step, assuming that there are N time se-
quences S with a length of T in cluster X and we use ATS of X to represent the
included time series as the input of the adapted DBA. To determine the set of
associations between each coordinate of the temporary average sequence and
coordinates of input ATS and new incoming sequence xn, we only need to com-
pute DTW once for each input sequence, i.e. twice. Thus the complexity of the
first step is ϴ (2･T2). After the first step, each coordinate of the current average
sequence has a set of coordinates {p1, p2,…, pm}associated with it, where ≤ m <
T. To update the average sequence, each coordinate of the current average se-
quence is updated as the barycenter of the corresponding set of coordinates.
Since the average sequence of length  T is  associated with 2 sequences with
equal length  T, its coordinates are associated with  (m1  + m2  +...+ mT) coordi-
nates, and each m < T. Thus the upper limit of (m1 + m2 +...+ mT) is T2., and the
upper limit of time complexity of this update step is ϴ(T2). For single iteration
DBA, the overall upper limit of the time complexity of the averaging process is 

Θ (DBA ) = Θ ( I (2⋅T 2+T 2)) = Θ ( I⋅3⋅T 2)  (13)

In the second case, the averaging process works in the same way regardless of
whether the re-splitting step is triggered. Basically this averaging step is the
same as the first case, the only difference is that input of the DBA is two ATSes
from different entries instead of one ATS and one incoming new sequence. Thus
there is no change in step 1 no changes, but the barycenter of step 2 is changed
to 

barycenter {assoc(C t)}=
N1⋅p1+N 2⋅( p2+ ...+ pm)

N1+N 2(m−1)  (14)

The overall time complexity of the averaging process is the same as in the first
case, as shown in Formula 9, which does not increase with the clustered time
series number.

Although  this  method  could  improve  complexity  and  eliminate  the  linear
growth with incoming data objects, it has an associated penalty in accuracy. The
sacrifice of accuracy is caused by using the averaged time series of a cluster to
represent the included time sequences as the input of DBA method, and the ex-
tent of accuracy loss depends on the inserted time series and the number of time
series that are represented by corresponding average time series. As it is impos-
sible to anticipate how the incoming time series evolve and how the clustering
decisions are made in BIRCH, the accuracy loss on the time series datasets of
the UCR Archive, for more details, see in Section 5.3. 

3.3 Modified BIRCH process
As mentioned in Section 2.7, there are four main phases in the BIRCH algo-
rithm  [11],  which are Loading,  Optional  Condensing,  Global  Clustering and
Optional Refining. To implement the fourth phase, we have to store all inserted
data objects, which is prohibitively expensive in time series clustering for large
datasets. Thus we discarded the fourth phase and kept the first three phases. 
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In addition, DTW and DBA are used as the distance measure and averaging
method in the global or semi-global clustering methods respectively in phase 3.
This  modification aims to  increase the efficacy of the global  or semi-global
clustering algorithm. DTW is found to consistently outperform other studied
distance measures (or for a few datasets, it is at least equivalent) on sequence
clustering  [26].  Meanwhile  DBA is  the  most  robust  time  series  averaging
method so far and it outperforms all other time series’ averaging methods on all
UCR Archive datasets  [19]. DTW and DBA are used in the third phase of the
extended BIRCH algorithm. The process diagram of the extended BIRCH algo-
rithm is shown below.

Figure 8: The process diagram of extended BIRCH algorithm.
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4 Experimental setting
In  this  section,  the  experimental  settings  for  the  evaluation  of  the  extended
BIRCH algorithm under DTW with DBA are described. 

4.1 Datasets
We used 34 datasets from the largest public repository of class labeled time se-
ries datasets, called the UCR collection  [27]. These datasets used consists of
both synthetic and real time series datasets spanning several different domains;
each dataset includes from 56 to 5000 sequences which has equal length vary-
ing from 24 to 720 from one dataset to another. The datasets in the UCR Ar-
chive are annotated and each sequence of datasets is labeled with one class. In
the context of cluster, the labeled class is interpreted as the cluster the corre-
sponding sequence belongs to. In addition, all the datasets are already pre-pro-
cessed by z-normalization and split into 2 subsets: training and test sets. In our
work, we use the fused dataset, which consists of both training and test sets, to
evaluate the extended BIRCH algorithm and several other algorithms used to
compare with our proposed algorithm. The statistic information of datasets used
in our experiment is shown below.

Table 1: Statistic information of datasets used in our experiment.

Dataset
Cluster
number

Time series
length

Size of
training set

Size of
testing set

Size of
dataset

Synthetic Control 6 60 300 300 600

CBF 3 128 30 900 930

Face (all) 14 131 560 1690 2250

OSU Leaf 6 427 200 242 442

Trace 4 275 100 100 200

Two Patterns 4 128 1000 4000 5000

Face (four) 4 350 24 88 112

Lightning-7 7 319 70 73 143

ECG200 2 96 100 100 200

Fish 7 463 175 175 350

Plane 7 144 105 105 210

Beef 5 470 30 30 60

DiatomSizeReduction 4 345 16 306 322

ECGFiveDays 2 136 23 861 775

ItalyPowerDemand 2 24 67 1029 1096

MoteStrain 2 84 20 1252 1272

SonyAIBORobotSurf 2 65 27 953 980
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aceII

Symbols 6 398 25 995 1020

TwoLeadECG 2 82 23 1139 1162

Cricket_X 12 300 390 390 780

Cricket_Z 12 300 390 390 780

ECG5000 5 140 500 4500 5000

ArrowHead 3 251 36 175 211

Ham 2 431 109 105 214

PhalangesOutlinesCo
rrect

2 80 1800 858 2658

ProximalPhalanxOutl
ineAgeGroup

3 80 400 205 605

ProximalPhalanxOutl
ineCorrect

2 80 600 291 891

ProximalPhalanxTW 6 80 205 400 605

DistalPhalanxOutline
AgeGroup

3 80 139 400 539

DistalPhalanxOutline
Correct

2 80 276 600 876

MiddlePhalanxTW 6 80 154 399 553

WordSynonyms 25 270 267 638 905

Computers 2 720 250 250 500

Meat 3 448 60 60 120

4.2 Platform
The experiments are run on Lenovo Y510P with the following configuration:
Intel Core i5-4200M (4-core) processor with clock speed at 2.5GHz and 8GB
RAM, which runs Java 1.8.0_31 and Matlab 2013a. In order to process all ex-
periments involved in this paper, up to 4 process for four weeks were used. 

4.3 Implementation
We implemented the proposed extended BIRCH algorithm and other algorithms
compared under the same frame work, which means implementing algorithms
in Java and evaluating performance in Matlab. For a consistent evaluation of
both accuracy and efficiency, each algorithm only used a single thread and clus-
tering results are transferred to Matlab for further analysis.

In the BIRCH algorithm and its variants, k-means is chosen as the global clus-
tering algorithm of the third phase. As k-means is not a set procedure, a dataset
is run through 20 times, with a set of different random initialization seeds for
each run, to compute the average performance as the result. For the hierarchical
part of BIRCH and its variants, the clustering process is determined, so they are
only run once to generate the CF tree used in the third phase.
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We compared the time series clustering algorithm against the following time se-
ries clustering algorithms combined with the competitive distance measures or
representation transformations:

1. The BIRCH algorithm: The BIRCH algorithm with Euclidean distance mea-
sure (see Section 2.6).

2.  BIRCH + DCT transformation  with  reduction:  Input  time  series  is  DCT
transformed and then certain percent data points in the transformed sequence
will  be  removed from the  end backwards,  which  is  called  reduction  in  this
work. The transformed and pruned sequences are used as input by the BIRCH
algorithm described above. 

3. The k-means algorithm: The classic k-means algorithm with Euclidean as dis-
tance measure, where the arithmetic average of time series coordinates is used
as the centroid.

4. The k-DBA: k-means with DTW [28] as the distance measure and DBA [19]
as the centroid computation method.

4.4 Parameter settings
Among the time series clustering algorithms discussed above, the BIRCH +
DCT transformation with reduction and the proposed extended BIRCH-based
algorithm are based on the BIRCH algorithm, which requires setting a set of pa-
rameters for the BIRCH algorithm [11]. Table 2 lists these parameters and the
values  used  in  this  project.  The experimental  evaluation is  conducted under
these parameters. In our experiment, the removal percentage of Algorithm 2 in
Section 4.3 is set to 0%, 20%, 40%, 60% and 80%. 

Table 2: BIRCH and its variants parameters used in this project [11].

Scope Parameter Default value

Global Memory 5% of dataset size

Disk 0

Distance def. DTW (for extended BIRCH)
or Euclidean (for others)

Quality def. R

Threshold def. Threshold for R

Phase 1 Initial threshold 0.0

Delay-split Off

Page-size 1024 bytes

Outlier-handling off

Phase 3 Input range 1000

Algorithm k-means

25



An extended BIRCH-based clustering algorithm for large time-series datasets
Jiahuan Lei 2016-08-02
Following the parameters setting in [11], the initial threshold is set to 0.0, page
size to 1024 and the input range of phase 3 is set to 1000 as default. Although
the inserted sequences are not stored into memory for further processing, mem-
ory size is set to 5% of the dataset size. As the distance measure D3 did not pro-
duce as good quality as other four distance measures described in [11] and the
other four distance measures did not produce a distinctive performance, the dis-
tance measure is set to Euclidean (D1). In addition the radius of the sub-cluster
(denoted as R) is selected as the quality metric, which means the smaller the R,
the higher the quality. Hence, the threshold is defined as the threshold for clus-
ter radius. For our proposed extended BIRCH algorithm, the main difference is
the distance measure which is set to DTW in our algorithm, and the averaging
method is implicitly modified to DBA in the algorithm process. 

4.5 Evaluation Metrics
Efficiency: The proposed algorithm and other alternatives compared were eval-
uated in terms of accuracy and efficiency. To compute efficiency, we calculated
the CPU runtime utilization and reported time ratios based on the BIRCH al-
gorithm for comparisons. 

Accuracy: For accuracy, the Adjusted Rand Index (ARI)  [31] to evaluate the
accuracy of clustering, and it is an acceptable measure to compare clustering
results with ARI when the external criterion or the class labels of the dataset are
known  [32].Suppose that V represents a clustering result which indicates the
predicted  partitions  from clustering algorithms,  and U represents  the  known
true partitions. Then ARI for the clustering result is computed as follows:

ARI=
2(ad−bc)

(a+b)(b+d)+(a+c)(c+d)  (15)

where a is the number of pairs of data objects in the same class as U and in the
same cluster as V. b is the number of pairs in the same class as U but not as V. c
is the number of pairs not in the same class as U but in the same cluster as V. d
is the number of pairs of data objects where both are in other classes than U,
and different clusters as V.
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5 Experimental Results
In this section, the evaluation results of the experiments are discussed. First, the
extended BIRCH algorithm is evaluated against the BIRCH algorithm variants
with  DCT transformation,  k-means algorithm and its  variant  in  Section  5.1.
Then the efficiency of evaluated algorithms is discussed in Section 5.2. In sec-
tion 5.3, the accuracy loss caused by the adapted DBA in BIRCH is qualified.
Finally, in Section 5.4, the results are presented.

5.1 Accuracy
The BIRCH algorithm, k-means algorithm and their variants are scalable meth-
ods that can handle large datasets well. The proposed extended BIRCH algo-
rithm will be compared to these scalable algorithms and their variants in terms
of accuracy. The following figure reports the accuracy performance of the ex-
tended BIRCH-based algorithm,  k-means,  k-DBA, BIRCH algorithm and its
variants which are combined with DCT.
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Figure  9:  Accuracy comparison  of  the  extended BIRCH-based  algorithm,  k-means,  k-
DBA, BIRCH algorithm and its variants which are combined with DCT.

In Figure 9, the accuracy performance (ARI) of each dataset is presented. The
horizontal axis is the ARI scale and the vertical axis shows the specific dataset.
Each algorithm is represented by different colors as shown at the bottom of Fig-
ure 9.
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Table 3 reports the evaluation performance of the variants of the BIRCH algo-
rithm,  k-means and k-DBA against the BIRCH algorithm, using their averaged
adjusted Rand index and runtime on the 34 datasets described in Section 4.5.
The adjusted Rand index of the BIRCH algorithm is 0.0502.

Table 3: Comparison of the BIRCH variants, k-means and k-DBA against the BIRCH 
algorithm.

Algorithm Averaged ARI Runtime

BIRCH+DCT 0% 0.05 1.1148x

BIRCH+DCT 20% 0.0512 0.9934x

BIRCH+DCT 40% 0.0488 0.9018x

BIRCH+DCT 60% 0.0515 0.7959x

BIRCH+DCT 80% 0.0526 0.6457x

k-means 0.243 0.054x

k-DBA 0.26 108.1518x

Extended BIRCH 0.2516 59.3028x

In Table 3, the percentage represents the reduction percentage of the DCT trans-
formed time series. “ARI” denotes the average adjusted Rand index achieved
over 34 datasets, and “Runtime” denotes the factor by which the corresponding
algorithm is slower than the BIRCH algorithm.

Comparing the BIRCH variants against BIRCH: For these five BIRCH al-
gorithm variants with DCT transformation, in most cases, they all perform bet-
ter than the BIRCH algorithm. As shown in Figure 9, the variant of the BIRCH
algorithm with 0% reduction achieves higher accuracy than the BIRCH algo-
rithm in 20 out of 34 datasets,  the variant of the BIRCH algorithm with 20%
reduction has better performance in terms of accuracy in 21 datasets, the variant
with 40% reduction has higher accuracy in 25 datasets, and the invariants with
60% and 80% reduction have better accuracy performance in 26 and 22 datasets
respectively. However, the overall accuracy performance in Table 3 does not
improve significantly, and two of them even generate lower averaged adjusted
Rand index compared to 0.0502 of the BIRCH algorithm. As shown in Table 3,
invariants with 20%, 60% and 80% reduction have higher overall ARI, while
the improvement on overall accuracy is only 2.0%, 2.6% and 4.8% respectively.
In addition, the two invariants with 0% and 40% reduction achieve an even
lower overall ARI 0.4% and 2.8% respectively.

Although the variants with DCT transformation doesn’t perform significantly
better than the BIRCH algorithm in terms of accuracy, they do decrease the
process time significantly after reducing the size of a transformed sequence. In
Table 3, the runtime of invariants with DCT decrease as the reduction percent-
age increases. For example, the variant with 20% reduction consumes 99.34%
runtime of the original BIRCH while the variant with 80% reduction consumes
64.57% runtime, which reduce the runtime by 34.77% of the original BIRCH
algorithm. It is worth to note that the invariant without reduction (BIRCH +
DCT + 0%) does not reduce the runtime compared to original BIRCH algo-
rithm, but consumes 11.48% longer runtime.
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Comparing the extended BIRCH against BIRCH and its variants:  Out of
all the variants of the BIRCH algorithm, only the extended BIRCH algorithm
outperforms BIRCH algorithm with an improvement of more than 4 times in
terms of ARI. In particular, the extended BIRCH algorithm also outperforms
other variants of the BIRCH algorithm with similar improvement. 

To understand the improvement of the proposed algorithm, we use scatter plots
to conduct pair-wise comparison of the BIRCH algorithm and a representative
variant (BIRCH + DCT + 0%) against our extended algorithm in the following
figure. In Figure 10, the adjusted Rand index of the two algorithms under com-
pared are used as the x coordinate and y coordinate of a dot, and each dot repre-
sents a particular dataset in this experiment. Each scatter plot is labeled “A vs
B”, and a dot above the diagonal indicates datasets in which the A algorithm
achieved a better accuracy than the B algorithm. The further a dot is from the
diagonal line, the more significant the extent of accuracy improvement is. In ad-
dition, more dots on one side of the diagonal line means the corresponding al-
gorithm has better accuracy than the other one. 

Figure 10: Comparison of BIRCH algorithm, a representative BIRCH algorithm variant
and the extended BIRCH algorithm in term of accuracy.

As shown in Figure 10a, the extended BIRCH algorithm is better in 31 datasets,
equal in 1 dataset and worse in 2 datasets compared to the BIRCH algorithm.
Most of the dots above the diagonal line, are far from the line, which means the
extended BIRCH algorithm achieves better accuracy in most datasets. In Figure
10b, the proposed algorithm is better in 32 datasets and worse in 2 datasets in
comparison to the representative BIRCH variant with DCT. The distribution of
dots is similar to Figure 8a, which means the extended BIRCH algorithm also
outperforms the representative BIRCH variant.

Comparing the  k-means against  k-DBA:  In Table 3,  k-DBA algorithm im-
proves the overall accuracy performance by 7.0% compared to k-means. How-
ever, in certain cases, the  k-DBA algorithm performs substantially lower. The
following scatter  plot shows a comparison of the  k-means and  k-DBA algo-
rithm.
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Figure 11: Comparison of k-means and k-DBA algorithm in term of accuracy.

As shown in Figure 11, the k-DBA algorithm perform better in 14 datasets, and
the lower performance in 18 datasets in compared to the  k-means algorithm.
Meanwhile, the difference in overall accuracy is only 0.017. This point is also
illustrated in Figure 11, where most of the dots are close to the diagonal line and
the number of dots on each side is approximate, and only differ by 4 datasets. 

Comparing the extended BIRCH against k-means and k-DBA: k-means, k-
DBA and the extended BIRCH algorithm achieve similar overall accuracy per-
formance In addition, k-DBA and the extended BIRCH algorithm are similar in
that they both modify the distance measure to DTW and centroid computation
method  to  DBA.  To  understand  the  specific  accuracy performance  of  each
dataset,  we compare the extended BIRCH algorithm against  k-means and  k-
DBA in scatter plots in Figure 12. 

Figure 12: Comparison of k-DBA, k-means and the extended BIRCH algorithm in term of
accuracy.
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As shown in Figure 12a, the extended BIRCH algorithm achieved higher per-
formance in 18 datasets, equal accuracy in 1 datasets and lower accuracy in 15
datasets.  Similarly,  the  extended  BIRCH algorithm is  better  in  18  datasets,
equal in 2 datasets and worse in 14 datasets. 

5.2 Efficiency 
As discussed above, k-means, k-DBA, and the extended BIRCH algorithm out-
perform the other BIRCH algorithm and its variants in terms of accuracy. Now
we focus on the association between accuracy and efficiency to see if superior
accuracy has an associated penalty in runtime. Table 3 shows the factors by
which each algorithm is slower than BIRCH algorithm. The proposed extended
the BIRCH algorithm is 1.8x faster than the  k-DBA algorithm, 59.3x slower
than  BIRCH  algorithm.  The  k-means  algorithm  is  one  order  of  magnitude
(18.5x)  faster  than  the  BIRCH  algorithm,  and  three  order  of  magnitude
(2002.8x) faster than the k-DBA algorithm.

5.3 Accuracy loss of the representation method
As explained in Chapter 3, the extended BIRCH algorithm uses the average
time series of a certain cluster in BIRCH to represent the included time series,
while adapting the DBA algorithm to accommodate this representation method
and increasing the calculation efficiency. By these modifications, the time com-
plexity of DBA is changed from  ϴ (I ･ N ･ T2)  to  ϴ (I ･ 3 ･ T2)(the upper limit),
where I is the iteration number,  N is the input sequences number and T is the
length  of  the  input  sequence.  Although  the  new  representation method  and
adapted DBA eliminate the linear growth of time complexity with the input se-
quence number, it also results in accuracy loss. 

In this section, we empirically quantify the accuracy loss. In order to do this, we
compare the BIRCH algorithm with the original DBA, which uses the clustered
time series as input sequences, not  the representation described in Section 3.1,
against the extended BIRCH algorithm.  This comparison was conducted in the
same experimental environment as the evaluation experiments with the same
time series datasets from the UCR Archive, with ARI and runtime employed as
accuracy and efficiency metrics. The comparison result is shown in the follow-
ing table.

Table 4: Comparison of BIRCH and DBA algorithm against the extended BIRCH 
algorithm in terms of accuracy.

Algorithm ARI Runtime

Extended BIRCH 0.2516 7.4574E+10

BIRCH+DBA 0.2689 2.1976E+11

As shown in Table 4, the ARI of the extended BIRCH algorithm is 6.43% less
than BIRCH with DBA, which means the overall accuracy loss of the represen-
tation method and the adapted DBA is 6.43%. Whereas, BIRCH with the DBA
algorithm consumes 2.9470 times more time than the extended BIRCH algo-
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rithm, which means the representation method and the adapted DBA in the ex-
tended BIRCH algorithm increases the efficiency and reduces 66.07% the time
consumed. To understand the specific accuracy performance of each dataset, we
compare the extended BIRCH algorithm against BIRCH with DBA in the fol-
lowing scatter plots.

Figure  13:  Comparison  of  BIRCH with  DBA algorithm against  the  extended  BIRCH
algorithm

As shown in Figure 13, not all time series datasets in the BIRCH with DBA al-
gorithm achieved better accuracy performance. In 8 of 34 datasets, the extended
BIRCH algorithm had a higher accuracy and in 25 datasets, BIRCH with DBA
achieved higher accuracy than expected. In addition, they have the same accu-
racy performance in 1 dataset. Detailed evaluation results of the 34 datasets of
the UCR Archive can be found in Appendix B.

5.4 Summary of results
To sum up, our experimental evaluation suggests that: 1) DCT transformation
does not promote the performance in terms of accuracy, however, it could im-
prove the process speed of algorithms by reducing the length of the transformed
time sequences. 2) The extended BIRCH algorithm promotes the performance
of te BIRCH algorithm in terms of accuracy. 3) The modification of the repres-
entation  method  and the  adapted  DBA in  the  proposed algorithm results  in
6.43% accuracy loss compared to the BIRCH algorithm using the original DBA
technique, but decrease runtime by 66.07%.
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6 Application
Since our proposed extended BIRCH-based algorithm could incrementally deal
with the incoming time series, with the help of a sliding window model, our
proposed algorithm could be extended to cluster extracted time series of the
user-defined size  from long multi-variate  (or  uni-variate)  time series,  which
takes the connection and sequentiality existing inside sequential data records in
time series. However, in [47], the authors pointed out that clustering of time se-
ries’ sub-clusters is meaningless as sine-type cluster representatives were pro-
duced by STSC regardless of clustering algorithm, dataset and cluster number.
This means that the output produced by STSC methods is independent of the in-
put parameters and datasets, and any datasets generate the same sine-type clus-
ter  representatives,  making STSC meaningless.  This  surprising claim invali-
dated the contribution of STSC work prior to it. But the year following,  [48]
was published, pointing out that STSC is meaningful and the sine-type cluster
representatives phenomenon observed in experiments in [47] was the result of
using Euclidean as similarity measure.

This chapter will 1) show how the proposed BIRCH-based clustering algorithm
can be extended to cluster subsequences extracted from multivariate long time
series and 2) testify that STSC using DTW as similarity measure could generate
the desired cluster number. In the first section, the sliding window used in this
application is introduced. The experimental setting and experiment results of
the application are presented in Section 6.2.

6.1 Sliding window model
Given multiple time series  T1,  T2,  …, Tn (or single time series) of length  m,
sometimes in form of streaming data,  a bounded multi-variate time series is
generated as shown in Figure 14. With a user-defined subsequence width w, a
matrix set  S of all possible multi-variate subsequences can be constructed by
sliding the window across T1, T2, …, Tn  simultaneously. An extracted multi-vari-
ate subsequence is a matrix and the size of the matrix is n by w. The number of
such matrix (i.e. the size of matrix set S) is m-w+1. 

Figure 14: Sliding window model.
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It is important to note that a time series is generated by periodic sampling of a
single sensor. When there are multiple sensors that are associated with common
objective behaviors, these generated multiple data streams with the same sam-
pling period are integrated to form a multivariate (i.e. multi-attribute as shown
in Figure 14) data stream. The extracted multi-variate subsequence time series
is captured by sliding the sliding extraction window forwards from the begin-
ning of the multi-variate data stream.

6.2 Parameters setting and application results
The application is applied on the time series datasets which simulate the work-
ing conditions of a motor for six days. There are 23 sensors deployed around
the objective motor to sense the working condition every sixty seconds, e.g.
pressure of the hydraulic oil in the cooler, and the temperature of the water in
the cooler, etc.  Three sensors (the temperature of the incoming oil, the tempera-
ture of the out-coming oil and the cooler pressure) are deployed around the tar-
get as shown in Figure 15. Generated streaming data from each sensor is taken
as a long time series and the integrated multi-variate time series is the input
time  series  of  our  proposed  clustering  algorithm  with  the  sliding  window
model.

Figure 15: A part of the sensors deployment around a motor.

To evaluate the clustering results and determine the cluster numbers by STSC,
we use the Duun index [54] and Davies-Bouldin index [55]. Both belong to the
internal criteria which is to evaluate the clustering result of an algorithm using
only the quantities and features inherited from the original dataset,  which could
be applied to evaluate the clustering result of a certain algorithm scheme [49].
To compare the evaluation results of different clustering schemes and choose
the best algorithm scheme, the relative criteria is employed with the two inter-
nal criteria described above: the Duun index and Davies-Bouldin index. The
fundamental idea of relative criteria is  to  choose the best  clustering scheme
from a set of user-defined schemes according to the pre-defined criterion, such
as Duun index [50].
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The following is a detailed definition of the Duun index and Davies-Bouldin in-
dex:

1)  Duun  index:  Assume  S and  T are  two  subsets  of  RN,  and  △(S)=  max

x,y∈S{d(x, y)} is the diameter of S. In addition, the distance between the two sub-
sets S and T is defined as δ (S, T) = min x S, y T∈ ∈  {d(x, y)}, of which d(x, y) indi-
cates the distance between data objects  i and  y. The Duun index is defined as
follows [51]:

Duun Index=min1≤i≤K {min1≤ j≤K l , j≠i {
δ (Ci ,C j)

max1≤i≤K {Δ(Ck)}
}}   (16)

The larger the Duun index is, the better the cluster scheme that it indicates, and
the cluster which maximizes the Duun index is  taken as the optimal cluster
number.

2) Davies-Bouldin index: the fundamental idea of this index is the ratio of the
sum  of  within-cluster  scatter to  between-cluster  separation.  Let  Si be  the
within-cluster  scatter  of  the  ith  cluster,  and  it  is  computed  as

Si =
1

|C i|
∑
x∈C i

{‖x−z i‖} . Let di be the between-cluster separation of cluster Ci

and Cj, which is computed as  d ij=‖zi−z j‖ , of which  zi and  zj represent the
cluster center of two clusters respectively. The Davies-Bouldin index is defined
as follows [52]:

Davies Bouldin Index=
1
K ∑

i=1

K

Ri , qt (17)

where  Ri ,qt=max j , j≠i {
S i ,q+S j , q

d ij , t

} .  Unlike  the  Duun  index,  the  smaller

Davies-Bouldin index is, the better the cluster scheme that Davies-Bouldin in-
dex indicates is. The cluster which minimizes the Davies-Bouldin index is taken
as the proper cluster number.

In this application, the parameters of this subsequence clustering algorithm in-
clude the width of the sliding window w, the cluster number n and a set of pa-
rameters of the extended BIRCH-based clustering algorithm. To simplify the
experimental setting, the set of parameters of the proposed algorithm follows
the parameters setting of our experimental evaluation in Section 4.4. Following
the procedure of identifying the best clustering scheme in  [50], when the pa-
rameters of a specific algorithm contain the cluster number n as a parameter, we
select a suitable accuracy index, and proceed with the identification procedures
based on this validity index. Next, the clustering algorithm is run for all avail-
able cluster numbers n, and the cluster numbers n are defined by users a-priori.
For each value of the cluster number n, the algorithm is run using different sets
of values for the other parameters of the algorithm, which is the sliding window
width w in this application. Finally, we plot the best result of the pre-defined in-
dex (Duun index and Davies-Bouldin index in  this  application)  obtained by
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each cluster number n as the function of n. The defined available values for the
cluster number n and the sliding window w is shown below.

Table 5: The defined values of the cluster numbers and sliding window width.

Parameters Available values

Cluster number n 5 10 15 20 25 30 35 40 45 50 60 70 80 90 100

Sliding window width w 5 10 15 20 25 30 35 40 45 50 60 70 80 90 100

Following the above procedure, the Duun index and Davies-Bouldin index are
selected as validity indexes. The clustering algorithm is run for 15 available
cluster numbers as shown in Table 5. For each value of the cluster number  n,
the algorithm is run with 15 user-defined sliding window width w and the valid-
ity results (Duun index and Davies-Bouldin index) are calculated (see Appendix
C). The plots of the Duun index and Davies-Bouldin index are shown in Figure
16 and Figure 17 respectively.

Figure 16: Duun index results for user-defined cluster number with different sliding win-
dow width.

In Figure 16, for each cluster number, the highest Duun index belongs to the
sliding window width of 5, which means when the sliding window width is set
to 5, the STSC algorithm will generate the best accuracy performance compared
to other sliding window widths. For each curve in the above figure, the index
does not always increase or decrease as the cluster numbers increases, but fluc-
tuates.
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Figure 17: The Davies-Bouldin index results for user-defined cluster number with differ-
ent sliding window width.

In Figure 17, for each cluster number, most of the lowest (best) Davies-Bouldin
index belongs to the sliding window width of 5 except cluster number 10 and
15, which belong to the sliding width of 10. Like Figure 16, for each curve in
the above figure, the index does not exhibit a stable increasing or decreasing
trend as the cluster numbers increases, but fluctuates.

According to the final step in identifying the best cluster scheme, which is pre-
sented  above,  the  best  result  of  the  pre-defined index (the  Duun index and
Davies-Bouldin index) for each cluster number  n is extracted from the above
two figures (Figure 16 and 17) and is plotted as a function of the cluster number
n, as shown in Figure 18 and Figure 19 respectively.

Figure 18: The best Duun index results for each user-defined cluster number.

38



An extended BIRCH-based clustering algorithm for large time-series datasets
Jiahuan Lei 2016-08-02
As shown in Figure 18, the trend of the curve is not increasing or decreasing
stably. As the cluster number is 5, the maximum Duun index in this curve is ob-
tained and the values of the remaining points in this curve are lower than the
cluster number 5. Following the identification method in [50], the best validity
index corresponds to  the  best  cluster  scheme,  which  means  the  best  cluster
scheme for this application is cluster number 5 and a sliding window width of
5.

Figure 19: The best Davies-Bouldin index results for each user-defined cluster number.

Like Figure 18, the curve shown in Figure 19 also fluctuates. However, for the
Davies-Bouldin index, the lower value represents a better cluster scheme. In
this curve, the lowest index corresponds to cluster number 5 and the sliding
window width 5, which is the best cluster scheme for this application. The re-
maining validity indexes are higher. Comparing the best cluster schemes ob-
tained by the Duun index and Davies-Bouldin index, they both generate cluster
number 5 and sliding window width 5.

In this application, our proposed clustering algorithm is applied on the simula-
tion data of a motor with the help of a sliding window. Two internal indexes are
employed to evaluate the clustering performance for 15 cluster numbers com-
bined with 15 sliding window widths. By integrating and comparing the gener-
ated clustering results, both the Duun index and Davies-Bouldin index indicate
that the best clustering scheme is 5 as cluster number and 5 as sliding window
width. Through the identical indication of the Davies-Bouldin index, the desired
cluster number indicated by the Duun index is confirmed, thus this confirmed
cluster scheme testifies that STSC using DTW as similarity measure could gen-
erate the desired cluster number.
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7 Conclusions and future work

7.1 Summary 
In  this  project,  we  proposed  an  extended  BIRCH time  series  clustering  al-
gorithm able to deal with a large volume (even infinite) of incoming time series.
It not only changes the Euclidean distance measure of the original BIRCH al-
gorithm  to  DTW,  it  also  employs  and  adapts  the  state-of-the-art  averaging
method DBA as the centroid computation method. Our extensive evaluation ex-
periments show that the proposed extended BIRCH time series clustering al-
gorithm is able to cluster time series effectively and outperform the original
BIRCH algorithm and the variants  of  BIRCH algorithms that  are  combined
with DCT transformation in terms of accuracy. But it takes 59.3 times longer
than the BIRCH algorithm. In addition, it was able to achieve similar accuracy
performance as k-means and k-DBA algorithms. Interestingly, k-DBA is one or-
der of magnitude slower than the extended BIRCH, and k-means is two order of
magnitude faster than our algorithm. 

7.2 Future work
Clustering a large volume of time series is a challenge, which is also an import-
ant component in many applications, such as subsequences clustering of data
streams. Although the proposed extended BIRCH algorithm could be directly
used to cluster the extracted subsequences from a data stream with the help of
sliding windows, it also requires fine-tuning several parameters depending on
the specific application, e.g. the width of the sliding window. With the help of
this time series clustering method and these extraction techniques, abnormality
detection  system could  be  implemented  by adapting  the  proposed  extended
BIRCH algorithm, which involves the visualization of the constructed cluster-
ing structure. The abnormality detection application to evolve real data streams
is probably the most challenging, given the concept drift, noise and outliers ex-
isting in streams, and would therefore be completed from more thorough work
and experimentation. Finally, additional work can be done to adapt to the sub-
sequences clustering and abnormality detection application in different domains
and more work should be done to explore the use of the extended BIRCH al-
gorithm in different fields where noisy evolving streams are found.
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Appendix A: Evaluation results of the extended

BIRCH and other compared algorithms 
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Appendix B: Comparison results of BIRCH 
with DBA against the extended BIRCH 
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Appendix C: Duun index and Davies-Bouldin 
index results for 15 user-defined cluster 
numbers
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