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ABSTRACT the points. Dot plots are also represented in [1]. They are
Graphical presentation of long time series signals is chal-considered practical when data sets include less than 100
lenging because the resolution of a computer screen in pix-cases. When the number of cases is larger it is impossible
els is usually smaller than the length of the signal in points to identify individuals because there are rarely any gaps.
However, visualizing signals at a glance is highly impor- Many applications have been produced to visualize time
tant because analysing data in graphical form can be muchseries data. One of these is TimeSearcher [3]. TimeSearcher
more productive than it is in numerical or written form. Vi-  is a visualization tool for exploring time series data set®,
sualization of complete signals is possible only when using Figure 2. TimeSearcher suffers from the same problem as
presentative approximations of the signals. For this pg#po many other applications and is not useful when the data sets
SignalPlayer, a time series visualization system, is devel are large. It tries to represent every point of the signal on
oped and presented in this paper. SignalPlayer is a flexiblethe screen at once, so it is impossible to read time series
tool for the basic visualization of time series. It enables t  when it contains more points than the screen can separate.
display of the complete signal at a glance and gives the useiOn the other hand, TimeSearcher has other useful features.
the option to choose or implement the visualization tech- For example it can be used to search similar patterns. The
nique for the presentation. The tool can also be used tofinding of patterns is not completely automated because the

examine the signals in detail. user needs to specify query regions in order to find simi-
lar patterns. TimeSearcher 2 is presented in [4]. It has the
1. INTRODUCTION same problems as TimeSearcher but allows the exploration

of multidimensional data and other more advanced features
Technology of the 21st century enables the collection andthan TimeSearcher.
handling of high frequency and long time series signals us-
ing sensors and computers, for example. The analysis and
visualization of these signals are both challenging resear | sk b ke D 1L R B
topics. This paper concentrates on presenting solutians fo
presenting long time series on a computer screen at a glance.
The graphical presentation of long time series is challeng-
ing because the resolution of a computer screen is not good
enough to represent every point of the signal on the screen
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at once when the number of points of the signal is greater jm";‘:l—é{
than the width of the screen in pixels. See for example Fig- ‘?‘
ure 1, where a signal of 60,000 points is drawn on a display e =
of 364 points in x direction. Several methods been proposed ; 1.4 ol [ Stowsmias |
for solving this problem. i b L Ll AL  vamswomst |

Unvin has introduced different statistical graphic dis- 2 - LT
plays for large data sets [1]. Histograms are found to be L e stewnspenis s T

an inefficient tool when data sets are massive because the o _ _

number of bins can become so large that it is not possible toFig. 1. Visualization of large data sets is problematic. Every
show all the bins on the screen. The number of bins needed0int of the data set is drawn on the screen using the default
can be calculated using the formulas presented in [2]. His-approximation of the tool. The number of observations is
tograms also suffer from the fact that they lose the order of 60,000 and the screen resolution is 364 plXE‘|S in x direction



nsform  Help

@E@ 1 Search:

o
iiid

{jarme NEXTEL COMMUNICATION=

T 0w e e =

[NEXTEL COMMUNICATIONS A e | oo o

1430 records o Ravy | [BROOKS AUTOMATION INC 7

BRYLANE INC

LSI LOGIC CORP

IPORTAL SOFTWARE INC -
IRELESS FACILITIES INC e W

IADVANCED FIBRE COMMUN

IETRO CORPORATION

IENTIFIC INC
VEECO INSTRUMENTS
AIH LIMITED CL A

Fig. 3. A screenshot of VizTree. VizTree offers versatile
e methods for exploring time series data. Similar patterms ca
be found using tree panel.
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Fig. 2. A screenshot of TimeSearcher. Similar patterns can

be found using query boxes. resolutionny, a suitable mapping has to be defined. For this

purpose, SignalPlayer, a time series visualization sygtem
developed and represented in this paper.

Other visualization tools are also available; one of these  SignalPlayer fetches time series signals selected by the
is VizTree [5]. VizTree is specially designed to aid Aeraspa  User from a database and presents them in a suitable graph-
analysts, but can be used for other purposes as well. It carical form, see Figure 5. The main function of the system
handle massive data sets by using a zooming option, but ifiS to represent data sets in graphical form in such a way
the used time series is long enough and the user wants tdhat the visualized signal can be infinite long. The visu-
see the whole signal at once, it suffers from the same prob-alization is built so that the user can select the visuabzat
lem as TimeSearcher and TimeSearcher 2. The article doegnethod, which is then applied to the original time series, af
not reveal what kind of approximation method VizTree uses ter which the signal is represented on the screen. The visu-
when long data sets are viewed, but the user is not able tcdlization method divides the data into equal-sized segsnent
choose this method. It has the option of viewing several Of n points. Each segment is then replaced by one single
data sets at the same time. VizTree has very advanced tooléeaturez that is calculated from the points of the segment.
for finding similar patterns and for that purpose it is one of These features are then displayed on the screen. Features
the most effective applications available. The method thatare calculated using the function
is used to find similar patterns is presented in [6]. A screen-
shot of VizTree can be found on Figure 3. f i Dni= @i, @

A cluster and calendar-based time series system is prewhereDm is the data set that contains all th@oints from
sented in [7]. The system cuts the time series into sequencege;th segment and; is the feature presenting the segment.
of daily data patterns and then the system clusters similarthe yser is free to choose the type of feature used. This
day patterns and visualizes the average patterns as graphgethod offers an opportunity to explore the whole time se-

and corresponding days on the calendar. This approachiies at once even in cases where the data set is massive.
works well if the data is calendar-based but in other cases  gjgnalPlayer has also a zooming option which allows

the system is not very useful. the user to view some parts of the signal in more detail (see
Figure 4). The user can decide what subsignals he wants to
2 DESCRIPTION OF THE FRAMEWORK e>§plore. When zooming is used, SignalPlayer changes the
width of the segment using the formula
The main problem with visualizing massive data sets is that ~ Mold 5
only limited amount of data fits on the screen at once as was Mnew = = 2)

discussed in the introduction and demonstrated in Figure 1.
If the number of points in the screen is marked withand

the number of points in the signal with, it is usually the Zold

case that; << ns. Ifthe pointsn, are to be presented in a 2= ®3)

ZTIB’LU

wherez is the change in zoom rate in percents and can be
calculated by
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Fig. 4. First look at SignalPlayer. The picture on the left shows signals with lengths of over 60,000 points and the right
one demonstrates zooming. The right picture represenssgnals of from the interval [29713, 30398]. Notice thatrthean
be several signals displayed in the same window.

this point can be for example the first or the last point

|| @!Q of the segment, see Figure 6.

2. Mode of the points in the segment. The descriptive
feature of the segment is the value that has the largest
number of observations, see Figure 8.
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! 3. The level with the most observations. The y-axis of
StanalPlayer the segment can be divided into equal-sized levels and
then the value of the level that has the largest number
of observations is considered to be the feature, see
Fig. 5. How SignalPlayer works. Figure 7. If the levels are only one pixel in height,
then this feature and the one presented earlier give
the same result.

wherez, is the old zoom rate and,.,, is the new zoom

rate. This means that SignalPlayer gives compressed pre-

sentations of the original signal when zooming as well. When 4 1he average value of the points. See Figure 9.
the level of zooming reaches the number of points that fit the

screen, the original data is displayed.

SignalPlayer can display several signals at once in the Al of these methods result in a different visualization.
same window and several windows can be open at the samgach of them is usable, but also have their shortcomings.
time. When there is more than one signal drawn on the The problem with the first method is that it does not actually
same window, signals are separated from each other usingell much about the nature of the signal. It only draws every

different colors (see Figure 4). nth point but does not give any information about thasel
points that lie between the two points that are drawn on the
3. VISUALIZING TIME-SERIESUSING THE screen.
FRAMEWORK The mode-based method suffers from some problems

too. Because there may be seveyalalues that have the

The user can decide the way SignalPlayer compresses th§2mMe amount of obs_ervationg it is possible_ that the result
presented information, which makes it a flexible tool. Atthe 1S Not unique. Also, if they-axis can get a wide range of
moment the tool supports four ways for the approximation. values, this method can be slow. Notice that this method

The approximative feature can be one of the following: works only with integers.
The third method has the same problems as the second,

1. One point. Only one point presents the segment andexcept that the values do not have to be integers.
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When calculating the average value of the points in the
segment, the problem is that the signal loses information situations and selecting the correct method can make signal
about the extremums. Therefore the resulting signal can beanalyzation much easier and faster. Summarizing methods
flat. Still for the most cases this method is the most useful. that are available at the moment offer handy tools for the
SignalPlayer also allows visualizing of every point of analyzation of signals but it would be important to create
the signal at once, but as it was told this method does notmethods that would give a better idea about signal dynam-

work with large data sets, see Figure 1. ics than current methods do.
Figures 1, 6, 8, 7 and 9 are all drawn from the data set  In the future lot of new features will be included in Sig-
that contains about 60,000 observations. nalPlayer. One of these features is the possibility to $earc

similar patterns from the signal.
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