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Abstract. The development of algorithms in exploratory data analysis (EDA) re-
quires handling a large amount of data and presenting it in a user-friendly envi-
ronment. However, the results of EDA are often not self-explanatory. Therefore, we
present MatArcs, a novel visualization technique for the detection of recurring time
series patterns.
Major advantages of MatArcs are the dimensionality reduction of complex multivari-
ate data and the localization of recurring patterns. Geared to the needs of various users
which have deviating objectives in finding patterns, we present an algorithm which
is able to fullfil the multilayered task of exploratory data analysis; i.e., i) processing
multivariate and large time series (even real and noisy data may not pose a problem),
ii) the versatility to be applied in fields of theoretical research, iii) extracting the main
characteristics of a data set by using significant graphical attributes and iv) identi-
fied patterns can be synthesized to new patterns. With regards to the field of visual
analytics our proposed approach provides a visualization which extends/increases the
retentiveness of the user to get the targeted characteristics, even in multivariate time
series.

1 Introduction

Consider the human eye as a high performance camera, which is communicating more im-
pressions to our cerebric than any other organ of perception. However, if it comes to complex
time series a clear visualization helps to increase the efficiency of receptivity. In general, any
measured data assigned to a time may be termed as a time series e.g., weather data or the
population data of China.

In time series analysis regularities in the data can be found to understand the substrate of
the data and draw out a tendency (e.g., deducted from the preceding or current state of the
atmosphere a weather forecast should be prognosticated). This further guides us to the term
pattern, which may be defined as recurring structures in the time series. The identification
of patterns is essential when it comes to prediction and forecasting in data sets analysis. A
consequence of this is to distinguish trends in the data, which figures out the differences in
various multidimensional time series.

Not only is finding regularities in the data important but also finding similarities in the
structure for the comparison of various time series. For instance, consider data in image
processing. There pattern recognition may bring out consistencies and inconsistencies of the
image data to enable the image postprocessing or matching of images.

Pattern recognition in general covers a wide range of problems e.g., adornments in arts,
action pattern in sociology or the succession of notes in musical theory. It is envisioned that
pattern analysis in multivariate time series will gain more focus. This is owing to the fact
that most of the data sets in the future will be complex over various dimensions. The basic



requirements of the future are, creating an understandable visualisation, its suitability for
all types of data and the extraction of the main characteristics. In this work, we propose the
MatArcs approach to adapt the multidimensional data into comprehensible two-dimensional
visualization e.g., consider the Figure 1, where recurring patterns are assigned to graphical
attributes. We also combine the idea of interactive visualization, which makes the data
analysis easy to handle.

We use arcs identifying a coherent pattern and semicircles indicating the time instance
for the occurrences of a pattern. One should not neglect the fact that better visualization
helps reducing the analysis time. However, it is arguable whether these aspects are intu-
itively accessible in order to make the prevalent context easy to comprehend and generally
intelligible. In the proposed MatArcs approach, we aim to provide a visualization technique
for depicting the locations of recurrening patterns. In order to calculate recurring patterns
in time series, any arbitrary distant measure could be used. However, considering the cal-
culation time, we use the Euclidean distance measure but as well refer to the dynamic time
warping method [3].

Our claim of meeting the envisioned requirements comes from the following facts: i)
introduction of time line for arc diagrams, ii) the occurrence of pattern may be identified
by a specific time instance of the time line, which helps identify the multiple data events
of an activity, iii) the differentiation of patterns by the size and color of semicircles, and
iv) applying the Joint Recurrence, it is necessary and proper to have only one visualization
instead of multiple visualizations for multiple time series observed coincidently.

The paper is structured as follows. In section 2, we draw a comparison of relevant ap-
proaches, in section 3 we elaborate on essential settings and introduce our proposed approach,
section 4 presents a case study, section 5 gives an illustrative scenario for different search
requests in Google and section 6 concludes the paper and discusses the future work.

Fig. 1. The proposed approach uses semicircles located by a discrete time instance in a multivariate
time series of recurring pattern, whereas arcs are used to clarify the recurrence of the most frequent
patterns. Related to an univariate time series (as we use in this figure) containing only one feature
the most frequent pattern with length one is the state ”4” which reappears three times.

2 Related Work

In the literature, a wide range of visualization approaches exist e.g., scatter plot, H-Curves,
etc. However, many of these approaches lack not only the time reference but are also am-



biguous in the visualization [2], [7]. To investigate the performance of our proposed approach
against the existing relevant approaches, we compare the proposed MatArcs against the rel-
evant approaches in terms of clarity and understanding of the subjected matter.

Consider scatter plots as methods to visualize the statistical distribution of data and
state the frequencies of its features. Note that the multivariate time series has no upper limit
on the quantity of variables. The bottleneck in visualizing the multivariate time series using
scatter plots is the limitation of dimensions. This limitation is based on the evidence that a
visualization is restricted by three coordinates in the phase space and the color spectrum. The
scatter plot approach bears resemblance to H-Curves introduced to visualize DNA sequences
[2] in a three-dimensional plot. For large data sets, it is difficult to comprehende due to the
immense quantity of information in one visualization (since the eyes are limited in the spatial
perception).

The mentioned visualization issues may be addressed by an approach like the arc diagram.
Arc diagrams were first introduced in musical theory as a technique to visualize coherent
structures [6]. They accomplish this by musical procedures for a deeper understanding of
complex coherences. Contrary to the tonal analysis, our approach is directed towards finding
relations between multiple variables. However, literature encamps various approaches using
the arc diagram. We believe that the arc diagram algorithm was implemented in the limited
scope i.e., for string data as an input [7]. The tonal analysis approach considers subsequences
in univariate time series to distinguish a structure in the examined data, which is prior tonal
data sets. Authors used a suffix tree to represent the repeating sequences. However, the
approach lacks in interpreting the signifiance of the identified patterns and merely states the
complexity of a data set. Let us now also discuss the thread arcs approach, which considers
a compact small-scale visualization [4] and allows for the identification of the contemplated
events chronologicaly. The mentioned approach does not meet the requirements of recognizing
patterns but an interlinkage or rather a consecution of events.

Owing to increasing complexities in the data sets the extension of the arc diagrams is
inevitable, specifically for identifying the patterns. An important aspect to be considered
here is that for comprehensible two-dimensional visualization, approaches must be worked
out that adapt multidimensional data into two-dimensional visualization. Whereas the two-
dimensional visualization should constitute the calculated coherences of multiple variables.
The mentioned facts are delt with by the proposed approach. Our approach works out the
core pattern for multivariate and specifically large time series. Besides many approaches ([7],
[2]) require strings or a sequence of symbols as an input. Another advantage of our approach
is all types of time series can be used, even data without a time reference.

3 MatArcs Visualization

In this section we present the proposed visualization framework which is based on Arcs Di-
agrams. Therefore consider both the following settings and the mathematical consideration.
Figure 2 is a flow chart which generalizes the proceeding to calculate the MatArcs.

3.1 Settings

Consider the multivariate time series T = (xij) ∈ Rm×n, where xij corresponds to an
element (of ith row and jth column) of matrix T . Owing to the fact that a multivariate
time series in the most general sense concerns two or more time series (which are recorded
at same time instances), we consider two variables m & n to represent the two different
dimensions of the time series. Note that m is the number of measurements and n is the
number of discrete time points at which the measurements were taken. Let the pattern



p = (xi, xi+1, . . . , xi+k−1) of length k starting at time i be a subsequence of k consecutive
multivariate states xi = (x1j , . . . , xmj) ∈ Rm for all j ∈ {1, . . . , i+ k − 1}.

Suppose that d : Pk(T )× Pk(T )→ R+ is some dissimilarity function defined n patterns
of length k. A recurrent pattern of pattern pi ∈ Pk(T ) is any pattern pj ∈ Pk(T ) satisfying
the following properties:

1. Patterns pi and pj are non-overlapping, that is j + k ≤ i or i+ k ≤ j,
2. we have d (pi, pj) ≤ ε, where ε ≥ 0 is a threshold.

We consider the Euclidean distance d (pi, pj) = ‖pi − pj‖, though any dissimilarity func-
tion can be chosen. For continuous time series the method dynamic time warping may be a
suitable choice, for further reading see [3].

Let us now refer to [5], who introduced recurrence plots for visualizing recurring pattern.
A recurrence plot is mathematically described by the matrix Rij = Θ(ε− ‖ xi − xj ‖), where
xi, xj ∈ Rm are multivariate states at time i and j, resp., and Θ(z) is the Heaviside function
defined by

Θ(z) =

{
1 : z ≥ 0
0 : z < 0

. (1)

The visualization of recurrening patterns in q time series

T1 =
(
x
(1)
ij

)
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(
x
(m)
ij

)
∈ Rnq×mq (2)

is based on Joint Recurrence method

JRij =

q∏
r=1

Θ
(
εr− ‖ x(r)i − x

(r)
j ‖

)
, (3)

where x
(r)
i ∈ Rmr denotes a multivariate state from time series Tr at time i, and εr

is the r-th threshold for determining recurrence of a state in Tr. The joint recurrence is
an extension to the recurrence Rij . Simultanous states in q different dynamic systems are
compared i.e., consider weather data containing the humidity and the temperature as two
dynamical systems, which are recorded for each hour of one day.

In the following section we carry out multiple steps to process the data for the proposed
visualization.

3.2 Proposed Approach

The proposed approach is decomposed into three major functional components namely i)
input, ii) solver, and iii) visualization. These components are pictorially depicted in Figure
2. We now elaborate on the functions carried out in each of the mentioned components.
Input component: The existance of this component is mainly the consequence of situations
when one is dealing with univariate time series like inputs or multivariate time series with
heterogeneous time scales. We address these issues within the input component by merging
the univariate time series which means that univariate time series of same length form a
matrix. However, when it comes to multivariate series with heterogeneous time scales, we
suggest the harmonization of the time scales as a pre-processing step in the input component.
It should be noted that the pre-processing is strictly time series dependent. For instance, the
univariate time series, T1 . . . Tm, are pre-processed and merged as Tmn in Figure 2. Note that
a filtering of the data is not required, even not desirable. This results from the fact that for
the calculation of the distance between the time instances outliers may be too far, so that



Fig. 2. MatArcs flow chart illustrating the various calculating steps

by default they do not form a pattern. Thereby NaN-values will be ignored.

Solver component: This component is responsible for i) measuring the similarity of each
component of the univariate time series against others, and ii) measuring the similarities on
higher dimensions i.e., for multiple dynamic systems.

In the proposed approach, the earlier functionality (i.e., (i)) is achieved by computing
the Euclidean distance. Let us consider the squared Euclidean distance which is defined as
a distance d2(pi, pj). Then we propose that for each considered univariate time series, the
euclidean distance may be computed seperately. This dictates that a state with homogeneous
identity is represented by the distance of Zero, which is mathematically represented as

d2(pi, pj) =

{
0 : pi = pj
non− zero : pi 6= pj

(4)

The latter functionality (i.e., (ii)) is achieved by computing the joint recurrence in this
work. As a first step, identifiers need to be assigned to the components of Euclidean distance.
These identifiers play a vital role in identifying the similarities within the multiple dynamic
systems e.g., in Figure 3, the matrix on the left hand side corresponds to Euclidean distances.
We assign the identifier 1 to the euclidean distance 0 and we assign identifier 0 to any other
Eculidean distance value. This results in the matrix on the right hand side.

Fig. 3. Converting of Euclidean distance measure



The joint recurrence of the time series Tmn is computed using equation 3. As an example,
consider two of the converted matrices seen in Figure 3. By multiplying these matrices
containing the assigned identfiers a value of 1 is recieved, if both of the multiplied entities
of the matrices are 1. This indicates a time instance for a pattern.

One may choose any suitable threshold value. However, our experience in processing
various data advocates that the probalility of finding patterns increases for choosing higher
thresholds, see section 4. It should be mentioned that owing to symmetric matrix R = RT

and the calculation of every time instance t1, ..., tn for m potential patterns one may expect
redundant information (see Definition 1), which should be avoided. In this work, entities
containing redundant information are replaced by Zero, as marked in red in Figure 3. When
working with extremely large data sets, the computational complexity may turn out to be
crucial issue. Thus, we stick to the idea of using the sparse matrices and the upper triangular
matrices. Upon carrying out the aforementioned steps within the solver component, we get
the most frequent patterns e.g., p = {xixi+1 . . . xk}.

Definition 1:As a result of this, patterns have similar frequencies on at similar time in-
stances. For instance, consider the second and third pattern (second and third row of the
converted matrix) in Figure 3. The redundant information corresponds to identical informa-
tion that exist in the last two time instances.

Visualization component: The three major functionalities within this component in-

clude: i) Computing the radius of the circles ri = nnz(i)
nnz(JRi,j)

, where nnz corresponds to the

number of non-zero elements in one row of the joint recurrence matrix JRi,j∀i, j = 1, ..., n.
The radius of a circle is proportional to the frequency of a pattern. ii) Calculating the arcs -
the arcs in this work correspond to the distance of elementary entities in one pattern, whose
heights are proportional to half the distance between effectively identical entities. iii) Color
assignment - for better visualization, each pattern is assigned with a different color.

4 Case Study

In this section, we elaborate on analysing the application of the proposed approach. We reveal
a possibility to utilize the MatArcs for any arbitrary data. Let us evaluate the performance
of the proposed approach by analysing two examples which are publicly attainable on the
internet, namely data of Google Trends. Trends is a feature of Google which illustrates the
number of searches for a specified search request over time and this data can be extracted
from the webpage into a .csv file. The data is normalized based on the average search traffic of
the search term1. In particular we consider the search item renewable energy in two countries,
Germany and the United States.

Within the input component, we merge the two terms of same time instances (i.e., January
1, 2004, to March 26, 2012) where each time series contains more than 400 time instances. In
the Solver component, in addition to computing the Euclidean distances of time instances, we
consider the joint recurrences of multiple features (which are then plotted as the values of the
vertical axis within the visualization component). Furthermore, we define threshold values
for both time series as 5% divergence. In general the number of patterns can be reduced via
the user defined threshold as long as the quality of the results is not affected. The quality in
this work is determined by a drift error e.g., in Figure 5 a threshold of 0.05 is appropriate in
order to have a preferable number of patterns and a clear visualization. However, choosing a
very small threshold value for a large data set may lead to an immense number of patterns,
which in turn will make the pattern calcluation computationally expensive.

1 http://www.google.com/intl/en/trends/about.html, Chapter 7. How is the data scaled



This motivates us to use and suggest a suitable threshold that helps to avoid the com-
putational complexities. We address the aforementioned issue by providing the users with
the interactive figure(s). In the considered settings, we take a minimum of three patterns as
the most frequent pattern. This is done for attaining a clear visualization of the proposed
MatArcs approach.

5 Visual Analysis

Fig. 4. MatArcs Visualization of the search request Renewable Energy which is then subdivided
and considered for two counrties (Germany and the United States), Google Trends Data [1], which
spans from 2004 to the present. Note that the colour of the middle text coincides with the colour of
the most frequent pattern 1.42 1.05 of frequency 7.

Figure 4 presents the visualization of the Google trends (details mentioned earlier). It can
be seen in the Figure that the vertial axis represents the number of search requests for the
keyword renewable energy. A closer look at the Figure 5 reveals that the vertical axis contain
various discrete values e.g., 4.36, which means that the value recorded at this time is 4.36
times larger than that of the average recording of all search requests found in Google. The
horizontal axis represents the number of occurences, which in this case is not continuous.
The proposed semicircles indicate the time instances of a given pattern e.g., the most fre-
quent pattern (i.e., 1.42 1.05) advocates that 1.42 corresponds to higher search frequency in
Germany compared to the average rate and a 1.05 higher search frequency in the U.S. The
connecting acrs of events help identifying similar events which form a pattern.

To examine the results in greater detail, we hereby present a detailed view of Figure 4
in Figure 5 (namely 100 data points of the google trends data containing more than 400
time instances). As can be seen in the figure, the pattern in the range of 190 to 265 is a
complete pattern, appearing at the beginning of the year 2011 for the first time (denoted by



Fig. 5. Detailed Plot: MatArcs Visualization of the search request Renewable Energy which is then
subdivided and considered for two counrties (Germany and the United States), Google Trends Data
[1], which spans from 2004 to the present. Note that the colour of the middle text coincides with
the colour of the most frequent pattern 1.42 1.05 of frequency 7.

its slight green colour). Note that 1.0 on the vertical axis corresponds to the average value of
all searched terms in Google. Whereas the term renewable energy was searched in Germany
with a value of 1.64, the said term is below the average value in the United States. The most
frequent pattern (1.42 1.05) depicts an above average interest in both countries which might
then have been influenced not only by national but also international news.

More precisely arcs provide the readers with the information about the quantity of search-
ing activities for a given time duration. Let us now then refer to some definitions for exploit-
ing the visualization and interpreting the data. When viewing the MatArcs visualization
for various time series, particular types of patterns are salient. Patterns that are performed
more frequent with regard to the whole period of observation, indicate a long-term consumer
motivation of permanent interest (see the purple or yellow pattern in Figure 4). Whereas
a short-term interest is shown by a more frequent appearance of patterns that occupy a
shorter period of time. However, considering a short period of observation related to the
entire observation time (e.g., patterns in red and slight green in Figure 4 and 5). Note that
the biggest curve radius reveals an activity which is not executed for a long duration of
time. The aforementioned case is conditional to the frequency of a pattern i.e., i) a more
frequent pattern containing the biggest curve radius may lead to a long-term interest, and
ii) a frequency of 2 for a pattern may show a short-term interest. Additionally to these given
data, it is also conceiveable to understand and compare structures by our approach e.g., gene
sequences.

Let us now refer to scatter plots to make a comparison between these two approaches.
Figure 6 contains the same two variables as seen in Figure 4 for the search term renewable
energy. Scatter plots are commonly used to reveal a dependency of two variables but can be
far to complex to recognize a structure. Merely the agglomeration of the data points may



Fig. 6. Scatter plot of the search request Renewable Energy which is considered for two counrties
(Germany and the United States), Google Trends Data [1].

be detected. Beyond that, multivariate data containing more than three signals may not be
visualized by the scatter plot approach. Having observed the performance of the proposed
approach, we claim that it helps the comprehensible and easy to interpret evaluation of the
complex patterns.

6 Conclusion and Future Work

In this paper we propose a novel interactive visualization approach, namely MatArcs, which
enables the user to interactively zoom into the most frequent and common patterns that
plainly and obviously express the distinctive characteristics. These characteristics might be
unknown or not accessible in advance, but they are identified by our MatArcs approach. We
aim to spare additional costs and reduce the time and effort associated with data analysis
by identifying structures which may be used for a comparison with other data. The fact that
huge data might also be applied and the articulate visualization of our MatArcs evoke a
easy comprehensibility and allows an analysis by a pure visualization (we also evaluated the
proposed approach for different data sets).

In the future it is not only important to discover and visualize coherences but also to
generalise a proceeding. Based on this, the system is able to support the user by means of
automatisms. The analysed Google Trends Data, up-to-the-minute news to a topical subject
may be to an audience. Based on frequent searched terms, news may be personalized in a
found rhythm equivalent to the patterns of this terms, which was found. More precisely learnt
behaviour provides the basis for assigning a profile to every user. The proposed approach
could further be employed to build user profiles and to provide news readers with personalized
information.
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Appendix: Explorative Data Analysis

A web framework was developed following the idea of reviewing the context of this paper.
For the application of our web tool anyTime we kindly refer to http://anytime.dai-labor.de,
which we conceived as a testing ground for any data chosen by the user to explore multi-
variate time series. Researchers can take advantage of interactive figures for calculating and
visualizing common pattern as well as the most frequent pattern.


