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Abstract

1.

With ever increasing amount of data produced by various
sensors and applications, we are dealing with problems
with its storage and processing. Great amount of this
data is produced in form of streams and due to its great
volume, pace and variability or simply due to methods of
its analysis, we have to process it on-line, in time of its
creation. In our work, we focus on processing of time series data, which we regard as potentially infinite streams
of data. We discuss various representations of time series data used for dimensionality reduction and as means
to support various methods for further processing. The
main aim of our work is to explore possibility of incremental processing of potentially infinite time series data
as sequences of symbols. We propose a time series representation using repeating shapes in the course of time
series as symbols and we propose a similarity measure operating on this representation. As we focus on incremental
processing of potentially infinite time series, we pay special attention to applicability of the representation under
limitations of stream data processing. We discuss applications of our representation in various data analysis tasks
such as classification, indexing or forecasting.

When we think about the BigData, most often, we think
mainly about the volume (as the name suggests) and we
neglect the other factors making the data challenging to
process. Usually, we forget that the data is hard to process not only because of the sheer amount of the data but
also velocity of its creation, veracity and other Vs of the
big data [7].

Introduction

In our work, we focus mainly on volume and velocity as
we focus on processing of very long and potentially infinite time series data incoming in form of a data streams.
We thus separated the problem domain into two separate
parts: methods for time series data analysis and stream
data processing.

1.1

Time Series Data Processing

Time series data analysis comprises of many analysis tasks,
we can stumble upon when processing other kinds of data
such as classification, anomaly detection or clustering.
The main difference of methods to solve these tasks on
time series data from other kinds of data is the fact, that
we are working in multidimensional space of sequences of
real valued data. Time series have many dimensions as
Categories and Subject Descriptors
they are formed by rather long sequences of values, but
their intrinsic dimensionality is much lower. To highlight
G.3 [Probability and Statistics]: Time series analythis structure, many time series representations were prosis; H.2.8 [Database Applications]: Data mining; G.1.2
[Numerical Analysis]: Approximation; H.3.1 [Information posed over time. Some of them focus on highlighting the
most important frequencies present in the data (such as
Storage and Retrieval]: Content Analysis and IndexFast Fourier Transform - FFT or Singular Vector Decoming
position - SVD), they select similar subsequences called
motifs [13] or use various approximations to reduce data
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The diversity of data represented as time series allowed
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• The processing itself can use only limited amount of
memory while processing potentially unbound stream
of data.

development of a number of time series representations
and similarity measures. The most popular similarity
measures are those designed to compare time series in
terms of their shape such as Euclidean distance or Dynamic Time Warping - DTW. These similarity measures,
however, falter in case of very long time series, where
global characteristics (such as mean or trend) are no longer
essential for time series comparison, but we have to focus
on local features and the time series structure. To solve
these problems, various model based similarity measures
and measures based on compression dissimilarity were developed. Recently another approach for comparison of
such time series gained a lot of interest - approaches transforming the time series into a vector in a multidimensional
space, where each dimension is defined by one feature extracted from the time series. These features may be composed of most important frequencies or some symbolic
representation of the time series structure. In our work,
we propose a time series representation, that transforms
time series into a sequence of repeating shapes and these
can be used to form such features.

1.2

• Result accuracy is required while preserving thorough memory limitations and single-pass through
the data restriction. Sampling techniques, approximation algorithms and window functions are viable
means to cope with this limitation.
• Modelling changes of mining results over time. In
some cases we are not interested only in the data
analysis results, but also in changes of these results
with continuously arriving new data. Most of existing algorithms can not show the change of the result
over time, only the result itself.
• Model shifting due to variability of incoming data
stream. In many data analysis tasks such as classification or clustering, the variation of the incoming
data stream can produce the need for shifting of the
built model. Methods for stream data analysis have
to deal with such shifting and have to model the
updates.

Challenges and Methods of Stream Data
Processing

Typical data analysis process can be separated into several steps: data collection, transformation, preprocessing, analysis itself, visualization and result interpretation.
More and more often, it happens that we can not separate
the data acquisition and data processing stage. We often
have to perform the analysis on ever increasing data collections, we have to cope with data drift and we have to
address changing data properties as they come in streams.
When processing big amounts of data and especially when
the data is growing fast and when it is changing over time,
we face the problem that in time we process the data, it
is no longer accurate. In such cases, we have to process
the data incrementally, in time of their creation,

Recently, multiple tools and frameworks were developed
to process such streams of data such as Kafka1 , Storm2 or
Spark3 and many approaches for stream data processing
and for handling these limitations were proposed. The
most often used are approaches based on windowed operations, on concept drift detection [10] and based on approximate algorithms.

1.3

This kind of processing brings several limitations we have
to cope with:

• problems related to processing of high-dimensional
data,
• problems concerning comparison of very long time
series,

• Data is incoming online, in time of their creation.
• The processing system has no control over the order of incoming items. Most often, they are timestamped, but their order may change in the processing pipeline.

• opportunities arising from employment of methods
not directly applicable on continuous data of time
series such as various methods from text processing
domain and

• The data stream may be unbound and its speed may
change over time.

• inability of many time series representations and
similarity measures to process the data under constraints faced when processing potentially infinite
streams of data.

• Once the data element is processed, it is discarded
or archived. It cannot be retrieved easily unless it is
stored in raw or aggregated form in memory which
is typically small relative to the size of the stream.
Those differences from processing of static collections of
data introduce several issues and challenges into the processing of the data [6]:
• Handling of continuous flow of data at variable pace.
This issue is composed of two separate problems:
design of systems able to continuously process the
data for indefinite period of time and load shedding
of variable amount of incoming data to multiple processing elements.

Open Problems and Thesis Goals

Based on the analysis of current state of time series processing methods and stream data processing, we found
several groups of open problems and opportunities:

Based on these problems, we stated three goals we will
focus on:
• To reduce dimensionality of very long time series
data by transforming them into a sequence of symbols, where every symbol will be represented by a
repeating shape.
1

Apache Kafka - http://kafka.apache.org
Apache Storm - http://storm.apache.org
3
Apache Spark - http://spark.apache.org
2
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Figure 1: Sliding window (of length w) splits the time series into overlapping sequences. We cluster
similar sequences to form groups of similar sequences represented by the same symbol. A sequence of
symbol identifiers and normalization coefficients is used to represent the time series.
• To allow application of various methods from the
domain of text processing by means of the symbolic
representation.
• To propose a process of transformation of very long
and potentially infinite time series into sequences of
symbols while maintaining limitations imposed by
the stream nature of the data.

2.

Symbolic Time Series Representation

To solve open problems defined in previous section, we
proposed a representation of time series data transforming
repeating shapes in the course of time series into symbols.
We refer to this representation as to Incremental Subsequence Clustering - ISC. The representation is based on
a symbolic representation presented in [5], but it removes
two of its major drawbacks.
The original representation used K-means algorithm to
create clusters of subsequences, which were then used to
replace the original subsequence with the cluster identifier. In theory, the cluster centre could be used to approximate the original data. However, it was later shown,
that these clusters don’t accurately represent the original
data and tend to converge into a shifted sinusoidal curve
regardless the data they were formed from [8].
The other limitation is the fact, that K-menas algorithm
is iterative in its nature and thus not directly applicable
in single pass through the data restriction of stream data
processing.
To alleviate these two limitations, we use Leader clustering algorithm (not limiting the number of formed symbols,
but rather their size) instead of the K-means algorithm
in the transformation process.
A visualization of the transformation process of time series into the ISC representation is displayed on Figure 1.
The data is split into overlapping subsequences of defined
length and shift. All formed subsequences are normalized
using Z-normalization and clustered incrementally. Every subsequence is then replaced by a cluster identifier

and normalization coefficients. As cluster centres represent the data they were formed from, they can be used
in connection with normalization coefficients to approximately reconstruct the original data.
To evaluate whether clusters formed using this representation truly represent the original data, we performed
an evaluation of Meaningfulness [8] of formed clusters.
The clustering of subsequences using the Leader algorithm produced meaningful clusters when symbol size was
comparable with length of shapes typical for the dataset.
However, when we shrank the symbol size into only a few
data points, the symbol alphabet was reduced into a set of
basic shapes, which are common to every dataset. Thus,
meaningful clusters are formed in the process of transformation into ISC representation, but when we use too
small symbols, they fall into a set of few basic shapes,
which can be expected.

2.1

Similarity Measure on ISC Representation

To have an applicable time series representation, along
with the representation, we proposed a similarity measure
running on top of the ISC representation. The similarity
measure (referenced as Symbolic distance - SymD) is an
adaptation of Euclidean distance not comparing individual values, but whole symbols. We showed, the similarity measure lower bounds the Euclidean distance, which
makes it applicable in indexing schemes such as GEMINI.
However, we don’t limit the potential user of the proposed symbolic representation representation to use only
the SymD distance. As this measure does not employ the
fact that the time series is represented as a sequence of
symbols, others, symbolic similarity measures can be used
in its place. We performed several experiments, where we
used Levenshtein distance to exploit the symbolic representation. Despite the fact that in this case we don’t
guarantee the lower bounding property, it is beneficial in
many applications. Especially, when we are not interested
in global features of the transformed time series, but their
local features.
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Alphabet Size Management

As we replaced the K-means algorithm, used in the time
series representation proposed by Das et al. [5], by Leader
clustering algorithm not limiting the number of clusters,
we caused that the transformation into ISC representation produces ever growing alphabet of symbols. The ever
growing alphabet of symbols is not permitted when processing streams of data as we are restricted for constant
processing time per element of the data stream. This
is especially troubling when transforming evolving data
streams, where new shapes in the data can occur continuously and some shapes seize to occur over time.
To overcome this limitation, we proposed several approaches
for alphabet size limitation based on forgetting non-frequent
symbols. We used an assumption, that we are more interested in frequent and the most recent symbols than in
old or unused symbols and thus we have to represent the
recent part of the data stream with greater accuracy than
the older parts of the data stream. When this assumption holds and the application at hand allows it, we could
simply forget non-frequent or no longer used symbols.
To introduce the notion of frequent items (symbols) into
the ISC representation, we extended the definition of a
symbol by a occurrence count estimate. We used a counter
based frequent item mining algorithm to maintain a set
of counters for the most frequent item candidates and
we merged set of these candidates and the alphabet of
symbols. Every time a frequent item mining algorithm
assigned a counter to new potentially frequent item, we
associated it with a new symbol and every time a counter
was removed from this set, we forgot a symbol. This
approach, however, produces sequences of symbols with
holes - sections that are impossible to reconstruct due to
forgotten symbols representing them. We adapted the
original forgetting approach to reduce and completely remove holes formed by forgotten symbols.
All proposed approaches for alphabet size reduction are
not limited for one frequent item mining algorithm. All
counter based and most of sketch based algorithms are
applicable [4] as long as they maintain a set frequent item
candidates. In our experiments, we used the Frequent
algorithm, but various other algorithms can be used instead. For example time decaying [3] or sliding window
based [2] algorithms for frequent item mining could be
used to introduce decay and age of the symbols into alphabet management process.

3.

Applications of the Proposed Representation

We evaluated properties and applicability of the proposed
representation in multiple different applications on various short and long time series.

3.1

Classification of Various Short Time Series

We used the ISC representation in combination with two
time series similarity measures (SymD and Levenshtein
distance) to evaluate applicability on various types of time
series data. For this experiemnt, we used the well known
UCR collection of datasets [9].
We showed that the performance of various methods greatly
varies on different dataset types. At the same time, we
showed two methods running on ISC representation outperform other popular time series similarity measures running on raw data on multiple types of time series datasets.

Figure 2: An example of forecast using the
method based on ISC. Blue line indicates the true
data and green line indicates 1/2 day forecast.
Three weeks worth of data is displayed.
In general, it showed promising results and can be used
to improve classification error on various datasets.

3.2

Forecasting

We used the fact, that we maintain an alphabet of overlapping shapes to forecast future values of a very long
time series. We used a simple idea of searching for the
closest symbol in the alphabet of symbols by comparison
of the most recent part of the dataset with start of every
symbol in the alphabet. As we found the closest symbol,
we used the rest of the symbol as prediction of next values
of the time series. On Figure 2, one can see a result of
prediction created using 1/2 day of the most recent data
to find the closest, one day long, symbol. The second half
of the closest symbol was used as a prediction.
Our simple model could be trivially improved by taking
into account frequent sequences of symbols and we could
use it to prolong the predicted sequence and to increase
forecast accuracy.
The simple model we used, was able to outperform HotWinters seasonal model and Exponential smoothing as
they were not able to learn multiple pattern and they
were slow to train new shapes in the data. We thus
demonstrated, the ISC representation is also applicable
on forecasting.

3.3

Classification of Next Symbol in Very Long Time
Series

In another experiment, we used methods requiring categorical data (Markov model) on time series data, to increase precision of classification of data in incoming stream.
We used the ISC representation to transform multivariate time series data representing an entire book of handwritten characters into a sequence of symbols. We used
1NN classifier to classify character trajectories incoming
in stream and we used Markov model trained on a symbolic representation to increase classification accuracy with
the knowledge about frequent symbol sequences. We were
able to significantly increase the accuracy of handwritten
symbol identification from multivariate time series using
the frequent symbol occurrence model. We thus demon-
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strated applicability of the representation on multivariate
time series and the merit of application of text processing
methods on symbolic representation of time series.

3.4

Classification Of Very Long Time Series Using
Bag-of-Words Representation

Text processing methods can be divided into those working on the level of symbols and strings (eg. edit distance
measures) and those, working on the level of entire documents (eg. TF-IDF or Inverted index). The ISC representation of time series, we proposed, can be applicable
not only to reduce dimensionality and to allow employment of edit based similarity measures, but also to use
time series as bags-of-words. By transforming time series
into a bag-of-words representation, we could use a number of diverse methods commonly used in text processing
domain to process time series.
Multiple similar approaches were proposed recently [1, 12,
14] and in this experiment, we determined, whether ISC
can achieve comparable results in analysis of very long
time series data transformed into bag-of-words representation as one of the most popular bag-of-words representations of time series [12]based on SAX. To evaluate applicability of both representations, we use classification of
various types of very long time series created by composition of shorter time series from UCR collection of datasets
[9]. Similarly to results of classification on short time
series, we achieved variable results for compared methods. On multiple datasets, we were able to outperform
the SAX based method and thus the ISC based method
can be used to represent time series as bags-of-words.

4.

Contributions and Conclusions

By analysing state-of-the-art of time series representation, we identified several problems with processing of
very long and potentially infinite time series data. At
the same time, we identified an opportunity to introduce
the plethora of methods from text processing domain into
time series processing by transforming time series into
symbols.
We addressed these open problems by proposing a symbolic representation of time series referenced as Incremental Subsequence Clustering (ISC), which allows incremental transformation of potentially infinite time series data
into symbols. We proposed a similarity measure operating on data transformed into the ISC representation and
we showed it lower bounds the Euclidean distance and
can be thus used in indexing schemes such as GEMINI.
We addressed the problem of ever growing alphabet of
symbols by forgetting infrequent symbols and we demonstrated the applicability of the representation in various
tasks of data analysis such as classification of short and
long time series data or forecasting.
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