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Abstract— Time-varying data is usually explored by animation
or arrays of static images. Neither is particularly effective
for classifying data by different temporal activities. Important
temporal trends can be missed due to the lack of ability to
nd them with current visualization methods. In this paper,
we propose a method to explore data at different temporal
resolutions to discover and highlight data based upon time-
varying trends. Using the wavelet transform along the time axis,
we transform data points into multi-scale time series curve sets.
The time curves are clustered so that data of similar activity are
grouped together, at different temporal resolutions. The dataare
displayed to the user in a global time view spreadsheet where she
is able to select temporal clusters of data points, and Iter and
brush data across temporal scales. With our method, a user can /U
interact with data based on time activities and create expressive LA MJ\M\ AM/\ A /\/\A[\ A MAA
visualizations. \/‘\/\/\/\/\/V\I )| V\/VU " vv W UVVWUW"J W VW

Index Terms— Time-varying, time histogram, Iter banks, V V
wavelet, animation, transfer function, clustering, k-means, visu
alization spreadsheet.

|. INTRODUCTION

ATA points in a time-varying data set exhibit different

activities over time, which characterize the temporal deen
of underlying features. We de ne a temporal trend as the char
acterization of the change in value of a data point over tima i
series. This can be classi ed in a variety of ways, such asrwhe
a trend begins, when it ends, the rate of change, and the value
over time. This is true for all time-varying data sets, anseiéms Fig. 1. The corrected annual US temperature data from 1880066.2

natural to classify data points based upon their activityni The top image is the original data. The second row throughttiows are
temporal hot spots selected wavelets from applying the Haar wavelet transftorthe original

e . . . ) data, showing 2 year, 7.875 year, and 31.5 year trends. Thedemn are
Traditional data exploration deals with classication bés low-frequency wavelet coef cients and the right column aighkfrequency

upon temporally static value quantities. When time is nat-cowavelet coef cients.
sidered, patterns and correlations based on temporaltaatan
be missed. For example in animation of volumes, if the tHnSfeproration, such that the data are explored and classiaskt

function doesn't map a change over time to a visible range ot . o
upon multi-scale temporal activities.

the mapping does not highlight the dynamic activity, theruse Our goal is to allow explorative capability to nd trends of

will miss the change or it will go ignored. It has been noteatth . : . N
. ) different temporal scales in data to create visualizatibased
change blindness can occur when visually perceptual phenam s o . S
: " on temporal activity. Similar to multi-scale spatial cliasation
change too slowly to be detected [23]. For rendering a sitigle L2 .
. 20], temporal activity can occur at different temporallesa To
step, most methods do not have a concept of mapping based: 0 .
. o . . L explore the data, we utilize the wavelet [19] to transforntada
time activities or inter-correlated time activities. ) . . . . .
Only until recently has scienti ¢ visualization attempted points into a set of time series curves grouped into differen
Y y P wavelet or lter bank levels. By Itering the data into diffent

:jata(i/kéleo Cé?jszlscegt'grnn tboaz; i;p(;':lgzr:p;gtﬁg\égél ';:?ggitsefrequency bands, a user is able to visualize her data atreiffe
dist Fr)] m ytri from th tifryn tivi%[] e vector I51. il scales of activity, and nd data that share similar tempamhds
a distance metric fro € time activity curve vector [5]. at particular time scale.

?rgisl;/;? f[ulr]{ct[itz)]n:sbzstzz Sm:n Tr':ot?r;im rt_g lgrg?tae (;I;l:-:g;ylgg The data can then be explored by the activity in different fre
thod build th P s t fp ilitate ti t' guency bands and wavelet coef cients, as can be seen ind-Igur

method builds upon these concepts to facilitate time-waryiata by applying the Haar wavelet transform to the recently ciae
Jonathan Woodring and Han-Wei Shen are with the Computer SUS annual temperature data from 1880 to 2006 from NASA.

ence and Engineering Department at The Ohio State UniverSiyail: the top image is the o_riginal data, while the bottom ima_g(fS ar
woodring@cse.ohio-state.edu, hwshen@cse.ohio-slate.e selected wavelet coef cients after Haar wavelet transfo@uoing




down the rows, larger (slower) temporal trends can be seen inThere have been various research efforts in visualizing tim
the data. The lower-left image shows that there was a rise daries data in the area of information visualization. Fatance,
temperature in the rst 30 years and a similar rise in tempeea van Wijk and van Selow combined cluster analysis and calenda
in the last 30 years. The high-frequency coef cients in thene based visualization to identify standard daily pattermsulghout
frequency band in the lower-right image show the same trerttie year [27]. Weber et al. [28] proposed a method to visaaliz
minus the DC component, and it can be clearly seen that the risne-series data based on spirals. The spiral graphs aetieé
in temperature in the rst 30 years and last 30 years is roughlor detecting periodic patterns for large scale data setshHeiser
equal in magnitude. and Shneiderman [9] proposed a Timebox widget to specifyyque
For regular data with multiple data points, we group datafgoi constrains on time series data. Lin et al. [18] introducesilée,
into clusters of similar temporal activity using a hybridisiering a time series pattern discovery and visualization systernetp
through k-means and SOM. The user then has a baselineatwlyze data from aerospace applications.
start exploring their data based upon temporal activityngysin Creating transfer functions and visualizing time-varyiau-
intermediate visualization, the wavelet clusters areldiggml to metric data is one of recent interest [21]. There has alsm bee
the user in a visualization spreadsheet, so she can expiere dther work in automatic and semi-automatic methods of feans
global temporal trends present in the data [3], [12], [13]{][ function creation for time varying data sets [11], [22], ]26
[30]. The user is able to select, inspect, and lter [4], [2Bhe More recently, Akiba and Ma have used time histograms to be
series clusters through the use of multiresolution timébgimms able to classify data based upon their time series prole [1]
[6], [10], [16] displaying the contents of each cluster.éatdéd [2], [16]. Their method is better at feature tracking oveacp
and Itered clusters are combined together into a visuéibraby Akiba and Ma's assumption is that data point populationd wil
using boolean operations, time series operators, and Hoimaaggregate in value space and move together in value space. In
[29]-[31]. this paper, we make the assumption that interesting dat@soi
have similar temporal trends. While our method is bettemaling
and isolating data points based on similar activity, wazditheir
method for creating dynamic transfer functions for datanfsoi
We utilize the wavelet to decompose time series data intoP@Sed on extracted temporal features. Our assumption ie mor
series of wavelet or Iter bank levels. Wavelets have beeedusCloSely linked to Fang et al. [5]. They use a method to segment
previously as a compression and level-of-detail reducfib®i mgdical data based upon calculating distance metrics frimea
scheme for large data sets. Recently, Lum and Ma have us&fies prole curve [5]. We also extract data points based on
Iter banks as a method to classify spatial data based oemifft time activity, but across several temporal scales with tiityto
frequency ranges [20]. In information visualization, theuFier 9uery and explore at different resolutions. This work of penal
transform is used to decompose line graphs into differeatesc activity selection provides the data input to volume corabion
to do optimal banking to 45 at different temporal resolusion Methods over space and time to create nal visualizatio$§{2
where banking to 45 attempts to nd an optimal aspect ratig 1]
for 2D graphs to maximize the angles between line segments
to 45 degrees for perceptual visualization enhancemeht\W8 m
use the wavelet transform to extract multi-resolution terap
trends. There has been use of multiresolution histograms fo In order to allow the user to nd temporal trends in her data,
image recognition and matching [6], [10]. Jain and Merchamte model each data point or position in time series data as a 1D
apply the wavelet transform to the color histograms for igggtime signal. Atime series curvetime activity curve5], or time
to build multiresolution histogram pyramids for image i®tal. curveis a vector representing the value over time at a particular
Hadjidemetriou et al. apply spatial image Itering to acgui data point. The time series vector for a data point is a veator
multiresolution histograms for image matching. Our use aftm t elements ordered by time, whetrés the number of time steps
scale time histograms is most like the latter, we lter thdadain the data set, and the value of each element is the value at a
along the time axis and use clustering [7], [15] to match terap time step of that data point. Assuming the data value is scala
trends. over time, if we were to plot the value over time in a 2D graph,
Brushing, linking and multiple data views have been used the line curve would comprise its graphically represemstime
the visualization as a means to be able to draw conclusiotigrve like the top graph of Figure 1.
between multi-variate data. Ggobi and the like are the fates In a 2D time curve line graph, the user is more likely to be
incarnations of multi-variate data brushing and linking, [25]. able to detect changes in value over time, or detect trends an
Our use of brushing and linking is applied in the selectiodata anomalies present in the time signal, compared to animation
points across temporal scales. The use of spreadsheettfoanea volume visualization. This is due to the global time awassne
likewise used throughout visualization to simultaneoudibplay and value change that is displayed by 2D plotting. The etitite
multi-views of data [3], [12], [13], [17], [30]. We use visligation sequence is available for viewing at a glance. In volumeegnd,
spreadsheets to present the data that are acquired thravgihetv comparatively, the user has one slice in time displayed gt an
transformation and clustering. The use of graphical wislgetd given moment. Value change or trend detection depends lfieavi
user interfaces for are prevalent in classication and g¢fan on the capability of the transfer function to display thentte, the
function design [14]. The combination of wavelet transfation, speed that an animation is played at, and the memory of the use
clustering, time histograms, and brushing and linking trem Furthermore, trend detection in animation can be easilysexis
complete user interface to explore and classify data by ¢eahp due to opacity, occlusion, visual memory, change blindii23k
activity. or any number of other perceptual factors.

Il. RELATED WORK

. METHODOLOGY



Fig. 3. Examples of temporal clusters from combustion data.dEt& points
are colored by the temporal cluster that they belong to, soathaf the data
points with the same color have similar temporal trends. Thertefge shows
the temporal clusters in the mix fraction variable, and thatrijmage shows
the temporal clusters in the OH variable.

of the rst time step out of the series. The data was wavelet

transformed, and then clustering was performed sepaiiatelych

frequency band and wavelet coef cient type. The clustexsash

in the example are from a low-frequency band, showing 3000
Fig. 2. 2 meter atmospheric temperature data from CCMS 3.0.dfhirtage time step trends, or showing the trends in the .rst and second
is the temperature for the entire world for the rst time stepeTsecond row Nalf of the data. The second row shows two different clusters
shows the data points from two clusters from a low frequeramydowavelet based from clustering the low wavelet coef cients, one tdus
C|U5te;i”9- The left "T:jagel shows a C|U5te””|g of a high :]?”E?E?hwml\clh ii of a high temperature area and one cluster of a low temperatur
T e e Nonn area. The third row shows two groups based on clustering the
wavelet coef cients in the same frequency band. The clustethe left has a high wavelet coef cients. The left image shows data points o
decrease in temperature followed by an even greater decaasehe second decreasing temperature, followed by an even greater deziea
cluster has an initial rise in temperature followed by a dip. temperature. The right image is a cluster of data pointstthstan

increase in temperature, followed by an decrease in teryera

A second example of classi cation or separation of data {sdity

To further aid the user, we decompose each time series cutgmporal clustering can be seen in Figure 3, using two viasab

into wavelet levels or a series of Iter bank levels, as inimttom of a combustion data set. The image shows all of the temporal
graphs in Figure 1. By using the wavelet transform, we lIteclusters found in the data, and the data is colored by thedeasthp
the time activity curve of each data point into several @t cluster.

temporal activity. This allows the user to explore the agtithat ~ The data point clusters are shown to the user in a spreadsheet
takes place at different temporal scales. In the displayaeelet format [17], with the centroid curve and thumbnail volume
coef cients for Figure 1, we show 2 year, 7.875 year, and 31fendering of the data in the cluster. This is the primary user
year trends that are present in the single data point. The Ugferface which displays all of the time trends present i data
can then explore and classify the data based on variousstreg@ld allows the user to select the clusters she wishes to rexplo
that occur at different scales in the data. As in Figure 1, thgr visualization. Data cells are organized by frequenaycband
different 2 year, 7.875 year, and 31.5 year trends that askeda wavelet category, and sorted by derived properties sucluatec
by high-frequency spikes in value are revealed throughriti® distance or population overlap on cell selection. Spreeeistells
like multi-scale banking to 45 and multi-scale volume exat®n can then be lItered by centroid similarity or spatial overléo
(8], [20]. reduce the data complexity and increase the summarizafion o
One data point is easy to plot, like the aggregate US annudhé time series data. A small spreadsheet is shown in Figure 4
temperature data, but when dealing with millions of datanfspi This spreadsheet shows all of the low wavelet coef cienstdus
such as in time-varying volumetric data, it becomes inghlet in the frequency band that represents 15.25 time step triemds
for a user to visualize the time curve for every data point. Ta 122 time step data set.
expedite the user search process, we utilize clusterind3] to  Upon cell selection, the cluster is placed on a detail sfeeet,
form temporal summary data for each frequency band and eavelisplaying all of the wavelet coef cients at different tinseale
coef cient type. Clustering is run on groups of wavelet w@st of the selected cluster, along with other selected clusfEng
separated by frequency band and wavelet coef cient typ@tof \avelet coef cients in a cluster are rendered in the form e t
cluster groups. This means each data point will be groupél Wiime histograni16]. A time histogram is a compact representation
other data points that share similar temporal activity irRetipular  of a series of histograms over time. A histogram for one time
frequency band and wavelet category. step is represented by a vertical strip that spans the valuger
An example of the different clustering that can take place iof the data points, with each bucket rasterized as a reckangu
data is shown in Figure 2, which from a 6000 time step series afea with the bucket count displayed with color or intensitye
2 meter atmospheric temperature data of the world. The reddehorizontal axis represents time. Figure 5 shows an exanigee
image for the entire data is shown on top, colored by the galugme histogram cell from a series of time histograms for &t&u



Fig. 6. Selected time histograms from a 227 time step earthqdateeset,
featuring brushing and linking. In the top time histogram, ethis 15.13
time step low coef cient trends, the user has brushed a trehthterest,

Fig. 4. A cluster spreadsheet featuring the mix fractionalzd of a 122
9 " P uring X | and the time curves that pass through the brushed area atdghigh. The

time step combustion data set. The spreadsheet is only shalisgers for

15.25 time step trends for the low wavelet coef cients. Thentibnail of the
data points for each cluster is rendered, and the centnoid tiurve of the
data points is rendered on top in a green curve.

Fig. 5. A time histogram for a cluster from high wavelet coééits of 15.25
time step trends in the variable of a 122 time step combustion data set. Th
high coef cient value over time for all data points in the dieisis shown by
the time histogram. Count intensity is rendered in a log saaleniphasize
outliers, since the centroid is shown. The red curve is theroel of this
cluster. Since this is a high wavelet coef cient curve, fréne centroid, we
can see there is a zero crossing, meaning there is a tempokalrpétee data
at that time period in that frequency band.

The time histogram is able to display the value distributzom
variance of the different data points over time in a cluster,
each wavelet type and frequency band. This allows the user
have a better understanding of data contained within eacdter|
and to compare the data with other cluster's time histograms
The user can further re ne the data point selection in a elust
to direct the exploration process. We allow the user to bargh
link [4], [25] over the time histogram plots to make selenso
She can lIter data points by time curves and trends, as seen
Figure 6. Figure 6 shows several time histogram views of dnees
set of data, where the user has brushed a selection in one t
histogram. She can see the results of her brushing in the ot
time histograms of the same set of data, but at different teatp
scales of activity and wavelet coef cient types. Additidigathe

same time curves or data points are linked in the other timedratas. The
middle image is the same data at the same frequency band, butimghagh
wavelet coef cients. The bottom image is the original dataetihistogram.
The user is able to brush and alter the selection in all of thieetl time
histogram cells.

user can make selection through value ranges via dynamisféna

function painting [1], [2]. The spatial combination of setied data

points is accomplished through boolean operations or tpara
over time [29]-[31]. To make trends more visible in animatio
we allow the user to create visualizations that dynamica§cale

the animation speed based upon the data trend.

IV. MULTI-SCALE TEMPORAL EXTRACTION

In order to study the time-varying data at multiple temporal
resolutions, we need to transform the data. Wavelets peovid
an elegant implementation for Iter banks [24], which areeth
foundation for multi-resolution analysis. Wavelets haveetb
used often in visualization for compression and multi-hetson
rendering [19] in the past. Wavelets are de ned by basistions
that Iter a signal into two parts: low-frequency or approdtion
Eoef cients, and high-frequency or detail coef cients.&process
can be repeated on the low-frequency coef cients to create a
hierarchy of resolutions [24]. The hierarchy formed by Epd
applications of the wavelet transform forms a lIter bank, or
a set of band limited signals based upon the original signal.
Among the different types of discrete wavelet transfornie t
Haar wavelet and the Daubechies wavelet are commonly used.
The Haar wavelet is very fast to calculate and has a simple
support, and from the user point of view, the calculationd t

avelet and its meaning is simple to understand. We haveiesser
\(l)\(toincreasingly low-pass signals based upon the origirghad]
representing the data at different time scales. Also, we liag
derivatives of each of the low-pass signals, showing the cét
change of the data over different time scales.

An Haar Wavelet

Assuming that the time sampling rate for the data is regular
onecan be converted to a uniform sampling rate, we use the
h@mar wavelet to transform the data into a multi-scale temlpor
format. The Haar wavelet has several different notationehs.
The version that we use is the low-frequency coef cients\gehe



mean of two adjacent samples, and the high-frequency ciegits for grouping a set of high-dimensional vectors into sentanti
being the difference of two adjacent samples. The reasothi®r sets. In the most general terms, a similarity or distanceimist
notation and is for the ease of understanding from the uset pb repeatedly applied to the input set of vectors to separateldita
view, rather than reconstruction support. In this work, Weelet into semantic groups or clusters. Common methods for ciugte
transform is used to represent the time series at diffeegnporal include energy minimization solutions like k-means, andhiae
scales for user exploration. By reasoning on the wavelastoam learning algorithms like the self-organizing map [7], [15]
in this way, to the user, the low-frequency wavelet coefrdt®  Our use of clustering is employed on the time vectors that
are the average or value signal, and the high-frequency letaveare generated through the wavelet transform to form setsiaf d
coef cients are the rate-of-change or derivative signdle Haar points that exhibit similar time activities. For each datinp x
transform is given in Equations 1-2, whe is the original in a time series data set, it will have @logy(t)e+ 1 vectors
signal,L are the low-frequency coef cients, artd are the high- representing the original data, and the low-frequency agt-h
frequency coef cients. frequency wavelets from the Haar transform. For each of the
vector types, we cluster the data points in the time-varglat
set. Since we have #log,(t)e+ 1 groups of frequency band and
Li= (Oav1+ 02)=2 @ signal type, a data point will belong to one cluster in each of
Hi = Ozi+1 Oz (2)  the groups as a result of this clustering process.

The recursive process of applying the Haar transform orLthe BY Performing clustering on each signal type separatelyta d
coef cients results in a cascading Iter bank diogz(t)e levels of POINt is grouped with other data points that have similarperal
low-frequency coef cients and high-frequency coef cisntvhere aCtivity in a particular frequency band and wavelet type. By
t is the number of samples. For reconstruction, strictly kipeg a _clusterlng by low coef c_:|ents, temporal af:t'v'ty gr(_)upmrgdor_n-
levell Iter bank hasdt=2'e low-frequency coef cients and=2'e inated by value over time. When grouping by high coef cients
high-frequency coef cients data points are clustered by the rate-of-change over tirhes T

Though in our visualiéation we uset=2' 1 1e high- allows the user to explore the range of possibilities of terap
frequency coef cients, to displa,y the difference betweesmrg trends over each freq.uency band. anql signal type. We assume th
adjacent time step. Strictly speaking, if we were using theelet there will be population separation in the cIustermg, Sm
as a compression or backend level-of-detail method, thitiadal clusters_ across frequeqcy bands a_md Wavglet_ coef men_;stymll
coef cients are extraneous for reconstruction. The addal have different data point populations. This is where irdtng

coef cients are for visualization and user analysis to shibw temporal trends should appear in exploration.

difference between every time point. For example, given @ da_Figure 2 displays several clusters in a low-frequency band.
points, 12233445, the strict Haar high frequency coef tsen The second row shows data points which were grouped together

would be 1111. Instead of visualizing those coef cients, W_Qecause they had similar low wavelet coef cient activityeotime

increase the number and show the user 1010101, which is miféihat frequency band. If we cluster by high wavelet coetuis,
more informative in terms of showing the rate of change of tH¥€ obtain clusters, seen in the bottom row, that contain some

signal. This is on the order of g@ogr) transformation, because ©f the same data points in the rst two clusters. Therefone, t
of the extra set of coef cients. user can make a more re ned selection by taking the inteim@ct

For our data transformation, for a data poirin a time varying through boolean operations, between two clusters. For pleam
data set, it has samples over time, whergis the number of if the user intersects the upper left cluster with the lowightr
steps in the time series. Thesamples ofx form a time series cluster, she is able to visualize a region that has high tesye

vectorv, where the elements ofare ordered by time. The HaarValue, but also raised and then dipped in temperature.
transform is applied to every time vector in the data sethshat ~ 1he clustering method that we use is a hybrid SOM and
for everyv, Haar(v) is a Haar wavelet hierarchy representing daté™means with kd-tree acceleration. Whlle.k'-means and &el-tr
pointx at different frequency bands and wavelet coef cient typegr® Well known, the SOM, or self organizing map, is an Al
Alternatively, it can be thought of as Itering a data poinacross €arning network that projects high dimensional vectora kower
time to extract its characteristic signal across frequebagds dimensional space, while trying to preserve the topologyhef
and signal types. This wavelet transformation is used tplajsa higher dimension space. We use the SOM to quickly arrive at
data point's temporal trend at various temporal scaleseauier. a0 initial, hopefully globally optimal, centroid set forusttering,
Assuming that the data is scalar, the multi-scale tempoeaidt and then use K-means to re ne the set to a cpnvergent answer.
of a data point can be displayed by drawing the 2D curve of ea¢h® drawback is that k-means and SOM require the number of
wavelet vector. clusters as input, therefore it may under- or over-clustzabise

Figure 1 is an example of applying the Haar wavelet transforf}e number of clusters picked may not be the number of natural
to one data point. The top image is the original temperatueg o clusters in the data. The initial use of SOM attempts to shake

time. The bottom images are the wavelet transformed data.pldcMeans into a global minimum, rather than local minimum.
There may be utility in using an alternative clustering noeth

for creating temporal summaries, compared to the clugiesia
B. Temporal Activity Clustering have used.

It is not possible to be able to draw every 2D wavelet graph One drawback or limitation that we have in our method is
for every data point in a data set of realistic size. Thereld/be that we are able to classify data points into temporal hasspo
simply be too many line graphs to plot and explore. In order wuch as regions in space that share the same activity, but we
reduce the data set size and to create summary informatien, ave not able to do spatial tracking of values or temporal @has
employ clustering on the wavelet data. Clustering is a nuethehift. For example, in in the case studies found later in tyeep,



our method is able to classify the weather data into geogeaph
regions by their temperature patterns over time. Thoughdéta
such as the combustion data set, we classify volumetrionsgi
that have spatially moving data values are moving through a
region, rather than tracking the value over space. This ésuee

a value moving through space appears as an impulse time curve
as it passes through different regions of space.

V. USERINTERFACE

The goal of the user interface is to display the time actioity
a data set and to allow the user to select data points based on
the visualized temporal activity. A cluster spreadshedbimed
from data acquired through wavelet transform and clusgeon

the input. From the clusters, the user is able to explore amt
data that have interesting temporal activity. To get furtthetail,
the user can select the clusters of interest and place thentiowe
histogram spreadsheet. From the cluster selection aneneemt,
the visualization is formed, highlighting data of user stdd
temporal activity, which in turn can lead to further re nente

Fig. 8. A close up of a cluster cell from Figure 7. The backgbwf a

cell (1) contains a thumbnail rendering of the data pointshia ¢luster. In
the foreground, the green curve (2) represents the certienigoral trend of
the data contained in the cluster. The white curves (3) atdicthe average
temporal variance around the centroid time curve. The greemkhe lower

right (4) indicates the population size of the cluster. Tledloy bar in the

lower right (5) is for showing data point overlap with anatlvéuster, or the
centroid distance from another cluster.

and exploration.

visualizing multi-scale temporal data, but there is roomfédure
A. Cluster Spreadsheet improvement, beyond what we have done here.

The cluster spreadsheet is the primary interface that fahas
temporal trend exploration. Each cell of the spreadshgetsents
a cluster formed from the clustering of wavelet data, exgdi
in the previous sections. Cells are sorted by spreadshiethns, When the user selects a particular cluster cell, the entiressl-
such that each column contains clusters of one wavelet legbleet is reorganized to display the relative relevance bérot
(frequency band), and sorted left to right by lowest detail tclusters to the selected cluster. The basic rules for reargton
highest detail. is that a cell will stay in its own column, as column is an

Low wavelet coef cients are on the left half of the spreadathe indication of frequency band and wavelet coef cient typecéll
while high wavelet coefcients are on the right half of thecan move up or down within its column. The goal of sorting in
spreadsheet, so that comparisons can be made between twavtie column is to move cells vertically closer to the picketl se
of the same type. Given there ambogy(t)e wavelet levels that closer cells will have higher relevance. So, when ther iss
(frequency bands) from the Haar wavelet transformatiory tvbrowsing the spreadsheet, after choosing a cell, she iemexs
wavelet coef cient types from low and high coef cients, aad with a spatial reorganization of the spreadsheet to disglasters
xed number of clusterk per wavelet category type, then therewith similar temporal or cluster population charactecisti We
will be 2 dlogz(t)e k cells in the spreadsheet, where theraote that all the following reorganization methods can lverited
are k rows and 2dlogy(t)e columns. An example full cluster to reorganize the cluster spreadsheet to highlight ditsinaells
spreadsheet can be seen in Figure 7. when necessary.

To show the summary information, each cell graphs the cen-1) Same Column ReorganizatioWithin the column that a
troid time curve of the cluster, the average variance of theter picked cell resides, other cells in that column are reomghi
members from the centroid, and a thumbnail rendering of #te d based on the cluster centroid distance from the picked Thb.
points in the cluster, giving a temporal and spatial sumnoithe effect is that when a user picks a cell, clusters in the same
data that is contained in each cluster, as seen in Figure 8h€&n column are moved closer if they have a smaller distancegusin
right edge of the cell is a bar indicating the ratio of popigiat the clustering distance metric, between their temporatro@s,
of data points in the cluster to the total data point popatgti and moved farther away if there is a larger distance. The rst
so the user can see the size of the cluster. Next to that, thereolumns of the images in Figure 9 show an example of resorting
an additional bar indicating either intersecting popwolatcount cells in the column of the picked cell. Cells that are temfypra
or centroid distance from a reference cluster that is ssleby similar have moved closer, in this case similar cold temipees,
the user. The quantity that this bar shows is used in relevario the picked cell (please see the gure caption for detdl.
reorganization, as is explained below. moving cells that have similar centroids closer to a targigster,

One point of mention is that this spreadsheet interface asa h we emphasize the clusters that have the same temporal tseend a
a problem with data explosion or overwhelming the user with t the picked cluster. In addition to resorting the cells, weais
much information. Since we extract several different timalas show the relative normalized temporal centroid distanca aell
and multiple clusters of data, it can be a daunting task fer thith a red vertical bar on the right of the cell.
user to be able to search and explore the data. The clusterin@) Other Column ReorganizationThe other columns, which
was a rst pass at data reduction, and we have several differare not the column of a picked cell, are sets of clusters ferdift
user interface controls sorting and simplify the amount afad frequency bands and wavelet coef cient types. In order towsh
shown to the user. Our user interface makes a good attempt thoeir relevance to a picked cell, we can resort cells vdljica

B. Relevance Reorganization



Fig. 7. A cluster spreadsheet of the OH variable of 122 time stambustion data set. After the data has been wavelet tramsfoand clustered, it is
organized into a spreadsheet. The left half of the spreadsiews low wavelet coef cients, while the right half sholigh wavelet coef cients. The columns
are organized from lowest frequency band (long term tretwl$lighest frequency band (short term trends), readingdefight. Each cell is one cluster of a
particular frequency band and wavelet coef cient type. Bpeeadsheet gives a global view of the different trends dnatpresent in the time varying data.

such that their relative vertical distance from a picked @&l cell rst moves the cell with the highest cross-over-coumeach
equal to the percentage of shared population from the pick#d column vertically into its row. Then, the cell with the snest
This is equal taCOC(A;B) = jA  Bj=jAj whereA is the picked centroid distance to the picked cell in the same column does
cell andB is the cell to be sorted, which we catfoss-over- the same, i.e., moves the cell with the highest cross-owenic
count The second and third columns of the top image in Figureith itself in each column vertically into its row. This ispeated
9 shows an example of how other column reorganization worker the next smallest centroid distance cluster, until ¢hare no
The user has picked cell (1) with cold temperatures, and eéth more cells to reorganize. The bottom image in Figure 9 shows a
the highest overlapping data point population in other ewls example of using this reorganization method on the spresaish
are moved vertically closer. Cluster cells with smallerssrover Rows (A) and (B) are populationally similar to the cluste® (
count will be moved relatively farther away from the centawr and (3), respectively, in the column where the picked cealides.
By moving cells with the highest shared percentage pomuatiThis tries to ensure that there is relevance across columans a
vertically closest to a picked cell, we emphasize how daiatpowell, such that the user reads across rows, all of the chister
populations recluster across frequency bands and whemgotain from similar data point population, although this is not ajs
trends diverge across frequency bands. In this example,ane guaranteed due to the greedy selection method we use. We can
see that there is a split in the cluster population as we &sere see a shift in the other cluster populations over temporalesc
in detail of temporal scales. For this particular data set,can as well as the picked cell. The user can still see the cross-ov
reason that this is due to the northern and southern hemspheount with the picked cell by the yellow bar on each other.cell
monthly temperature cycle. In short term temporal trenddad As an alternative for using cross-over-count as a reorg#oiz
points are temporally similar to regions in the same hen@sph metric, the centroid distance between clusters can be segla
In a longer term trends, data points are similar to regions in the previous two methods for sorting columns, to empleasiz
the same latitude, ignoring monthly trends. We always shwev ttemporal trend similarity between clusters rather thanupadjon
cross-over count between a picked cell and every other gedl b similarity.
yellow vertical bar on the right of a cell.

3) Row Sensitive Reorganizatiorifo emphasize similarity C- Spreadsheet Simpli cation
across all rows, we can sort the cells in each column based ohe user interface visualization can be complex due to tbe fa
a greedy cross-over-count selection compared with thes ¢ell that many cells are displayed at once, like in Figure 7. Furth
the column that the picked cell resides. To do this, The mickesimpli cation can be done by only showing a few columns of



Fig. 9. Two sorted views of a portion of a cluster spreadsfme® meter
monthly temperature data of 6000 time steps, showing clusfetata points
that have similar (left to right), 32 month, 16 month, and 8 monginds. In
the top image, the user has picked the cell (1). Cells in the saiuenn are
sorted by the centroid time curve distance to the selectédscethat clusters
(2) (3) of similar temperatures over time have moved closer tpitied cell.

This is also indicated by the length of the red bar in the cé&lslls in the
other columns are sorted, such that the greater populatieriapvit has with
cell (1), are moved vertically closer, but stays in the samernal This can
also be quantitatively seen by the length of the yellow bah@cells. In the
second sorted image, the difference is that cells in row (Ajethe highest
overlap with cell (2) and cells in row (B) have the highest rtae with cell

3).

interest, like we have done in Figure 9. Alternatively, wa c&se
similarity metrics to automatically cull cells or reducesthumber
of cells. Clustering across different frequency bands Itesn

clusters with different populations, but there will stik loverlap

because they have similar data point populations, cellshbzan
culled if the cluster population does not exceed a percentag
population difference threshold from the closest clustgrybation

in the selection set. This percentage population cross-ament

is maximum of the size of the intersection set between two
clustersA and B divided by A for.all A in the user selection
setU, MCOC(B) = maX8A2 U :jA Bj5A)). This is performed
incrementally in a greedy manner, adding new cells to the use
selection setU as they exceed the population threshold. An
example can be seen in Figure 10. Cell culling tends to betable
discard low wavelet coef cient clusters, because clustersl to

be similar over temporal scales. On the other hand, high letve
coef cients, by their very nature, retain the detail infation of
every temporal scale, and thus are unlikely to carry the same
cluster population over temporal scales.

2) Cell Merging: Additionally, we can use the distance metric
used in the clustering algorithm to merge cells in the same
column based on the centroid difference. Cell merging ispe ty
of user based clustering to reduce the screen area occupibe b
spreadsheet. If two clusters have similar centroids, shahthe
distance between two cluster centroids is under a threskad
merge the cells to an overlay cell. The user can manually energ
cells together to form a cell union if she decides that thex dat
similar, or belongs together. All of the centroids mergegetber
are rendered in the overlay cell, and the rendered thumiorfail
the clusters is a spatial union of the combined cluster dta.
user is allowed to re-split the clusters into individuallseif their
own, if she only wishes to pick one cluster or to see the data of
each cluster individually.

D. Time Histogram Spreadsheet

When the user selects a cluster, it is added to a secondary
spreadsheet, ime histogramspreadsheet, as in Figure 11. The
column layout is the same, such that there are two halves
corresponding to low and high wavelet coef cients, and each
column corresponds to one frequency band. Initially, tmeeti
histogram spreadsheet is empty. When a cluster is seleitted,
is added as a new row to the time histogram spreadsheet, and
the time histogram of the cluster across frequency bands is
displayed in each column for a row. The time histogram in each
frequency band provides a summary of the time curves that are
contained within a cluster, so that the user can see thelgletai
of distribution of values over time. If there is more than one
row, the spreadsheet is resorted to show the relevance éetwe
clusters, as was mentioned in the previous section. Esdlgntie
time histogram spreadsheet is to display details for thecsed
clusters. It also provides a good interface for the user talide to
make ne tuning adjustments of the data points within a @uyst
as described below.

1) Time Curve Brushing and Linkingddur manipulation of the
data contained within a cluster is a brush widget. There woce t
modes of operation with the brush widget. In the rst modes th

in the population of data points. Like in Figure 9, there is @ser paints an area in time histogram she wants to explote, an

shift in cluster population indicating a shift or changeemporal
trends, but many of the clusters have similar populatiomssac
temporal scales. By culling clusters that have similar peagins,

time curves that pass through the selected bucket on the time
histogram are selected. Any time curves that fall within tser
painted area are selected, drawn as poly lines, and linkef2Bl

but retaining ones with different populations, we reduce thacross the time histogram columns, seen in Figure 6. By dgwi

complexity of the spreadsheet but preserve the information

the curves as continuous poly line rather than plotting thead

1) Cell Culling: After the user selects an initial set of clusterspoints, the change in value over time becomes more appditeat.
instead of showing clusters that might be considered reahinduser can make re ned selections by using intersection,ryraad



Fig. 10. An example of culled spreadsheetcof/ariable from 122 time step combustion data set. The cullimgiowas performed from highest detail to
lowest detail at a 75% population threshold. 35 cells hawntmilled out of 126, resulting in a 27% space savings. Byrgutluster cells that do not change
populations over temporal scales, the essence of the tentpends in are retained, and even highlighted since theyhmenly cells that remain.

Fig. 11. An example of time histogram spreadsheet from 2 metevsgtheric
temperature data of 6000 time steps. Four clusters have bleetesk ranging
from top to bottom. Two time histograms showing the low wavetetfcients

are on the left, and two time histograms showing the high waeelef cients

are on the right. The multiscale aspect is very useful in hardetect trends,
such as long term trends, as can be seen in this example. Thedoelet

short term coef cients look to be at over time, but high wagtllong term
coef cients reveal that there are changes in the time curve.

difference brushes, such that the different brushes rerapasld

2) Dynamic Transfer Function Brushing and Linkinghe sec-
ond mode of operation uses value space selection [1], [R]era
than time curve selection. By painting on the time histogram
with color and opacity brushes, the user can create a tethpora
dynamic transfer function. She paints the value of the feans
function over time, by using the time histogram as a guide for
value ranges. The paint is linked across all time histograittsn
a row, such that if the user paints in another frequency bted,
transfer function is updated. The paint can also be linkedssc
rows, such that the transfer function can be shared acrossate
clusters.

While the former time curve selection method is more useful
for temporal trend selection, the latter method is more ulsfef
value range tracking. Both modes can be combined together to
make temporal trend selections and value range tracking. Th
system can also generate dynamic transfer functions throug
a semi-automatic method. The user species a static transfe
function with a center value, and the system applies thestean

data points from the selection set based on the operation ofuaction centered around the cluster centroid over timeis Th
brush. By linking time curves across frequency bands, the usllows the user to track the centroid value and the variara® f
can see the temporal prole of the data, and potentially makke centroid over time, within a cluster, like in Figure 12.

ne tuning adjustments in another frequency space. Brushimd

linking is restricted to the data within a cluster or a merged

cluster. To make clear the relationships between clusteesser

VI. ADDITIONAL EXPLORATION SCHEMES

can use spatial boolean operators to combine clusters mo 0 By selecting clusters and re ning the clusters through theet

visualization.

histogram spreadsheet, the user narrows the set of datss poin
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Fig. 13. An example of performing a visual query with selectiedgters from
2 meter atmospheric temperature data of 6000 time steps. The siiiopo
spreadsheet with volume tree operators allows us to combirstecs to drill

is generated that is centered around the cluster centrotdasfer function down into the data. The two bottom left clusters are fromedéht frequency
of this will track the centroid value over time, and measure\thgance of bands. and an XOR operation is used to nd the outliers that reat in

the data around the centroid. common with either. The bottom right clusters are from the sammguency
band, so they do not intersect in space, but we can join thegether with an
ATOP operation [30]. Then, the temporal outliers betweentii@®operations
a small set that exhibits some temporal behavior. Time ®urvean again be found by taking the XOR of both results.

map to data point positions, and there is spatial overlapést

selected clusters across temporal scales. This is becadselata

point is clustered independently on each of its waveletarsgt cluster selection and spreadsheet reorganization iselhtiy the

and a data point may be selected multiple times across clusigace that one variable takes in the spreadsheet sincerelust

selections. This behavior is desirable, because by halimjer iNg and spreadsheet reorganization is for temporal reistips

sets that have intersecting members, the user can creatal vigvithin the variable. However, after clusters are added éotitme

relationships between cluster sets based on their temaatigity. histogram spreadsheet, the user is allowed to move rowsidrou
Each user re ned cluster is a set of data points that sha@compare trends between clusters from different varsattigen

temporal behavior, the user can create a visualization osing though brushing and linking is limited within one variabteg

relationships between temporal activity clusters. Assigmive Way interactions are created are through boolean oper&ors

have a pre-de ned static transfer function or the user canede intersect, union and difference the data between varialidgs

a dynamic transfer function per cluster in the previousisact Ssaving the operations until the end, the user can make aujmss

we can operate on selected clusters to create a visual g@@fy [in the temporal trends per cluster, per variable and see tiaé
By using the spreadsheet interface to select clusters and fBsults after operation, rather than co-mingling the ojpema and

time histogram to re ne those clusters, the user forms amaipe Selection together, resulting in a convoluted process.

tree to compose clusters into a temporal query. Intersectio

operations are used to nd data points that share trends i t§ Animation Rescaling

clusters. Union operations are used to join data pointsthege . .
P J P thag In addition to being able to operate on clusters to create

that potentially have different trends. Difference opersd are . .
P y temporal relationships, we can also make the temporal $rend

used to nd key differences between clusters, such as r]dinr%ore apparent in animation. Our goal is that if there is a slow
outliers to two trends. An example of this is found in Figu@ 1 bp ' 9

. . trend, we want to speed up the animation so that the trend is
using the 2 meter atmospheric temperature data. i .
. o . more apparent. Conversely, if there is a temporal trenddbedrs
Additionally, within a time segment, the user can createi®al

and trend highlighting through temporal operators [2911]{3n relajuvely too fast, we waqt o be able tp SIOW down Fh.e aniomat

. . . Ml In either case, we are trying to normalize visual activitcls that
the time histogram spreadsheet view, the user can selecidod . .
. . - is more apparent to the user [23].
time steps or a run of time steps to be operated on over time. By . : . .

. . In our time histogram spreadsheet interface, the time runs
providing temporal operators, the user can compose s : horizontally left to right in each cell. There is a time basaopin
steps into one time step that has derived data to highlighti&ta y 9 ’ 9

. . such that the animation runs attime steps per second arfd
value trends that are present in that time segment, and tacéxt L .
. L frames per second, where the animation runs=ittime steps
value differences or similarities.

per frame. Additionally, the spatial layout of the spreasgtimaps

o . x horizontal pixels per time step. Given these conditions,uker

A. Multivariate Interaction can dynamically rescale the animation speed so that it @sang
Additional variables can be easily added to the system Impw fast or how slow changes appear to the user during amimati

adding spreadsheet panes, such that one variable takeseup lpnthe multiplication of a speedup factor.

pane in the spreadsheet. To avoid cluttering the screenen th From observing the slope of selected time curves or the aientr

cluster spreadsheet, clusters from different variablesnat able curve, the user can infer the rate of change that will takeepla

to cross panes into other variable's spreadsheet spacdditice, in the animation. If it is too steep, she may wish to slow down

Fig. 12. A cluster of low wavelet coef cients from the OH vable of a
122 time step combustion data set. An automatic dynamic trafsfietion
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the animation, likewise if a slope is too shallow, she mayhwis
to speed up the animation. By marking two points on the time
axis, the user can stretch the time axis, by pulling the pamtay
from each other. Time curves will be stretched so that slgpes
attened. This will dilate the animation time between theotw
points, or slow down the animation between these two points.
Additional frames will be inserted in the animation. Corssady,
by dragging one point towards the other on the time line, the
animation time base will be compressed. Frames will be d¥dpp
in between two points during animation, and the time curopes
will be steeper in the interface.

The speed up factor is determined by measuring the distance
between the old distance on the time line and the new distdince
the old distance between tineeandb on the time line i pixels
and the new distance ispixels, the speedup factordsn between
the two points on the time line. To remove abrupt instantaseo
changes in animation speed, we give the user the ability tb ad
automatic ease-in and ease out. A simple sine wave inteipola
between the base ratef and(r=f) (o=n), is used in the ease-
in and ease-out ranges to speed up or slow down the animation
in a smooth manner. In order to indicate the time base mapping
during animation, a time line and time stamp are embedded fjl§: 14- The left image is a portion of spreadsheet of the Ofaioka. The

. . . right is a portion of spreadsheet of the mix fraction variater time. The

the animation. In this way, the user has context of when L‘5Verbattom image is an overlay cell from tievariable, showing a value moving
are taking place, and how much the animation is being sped thpugh space over time.
or slowed down.

Given our previous assumption, we can apply an automatic
time rescaling scheme, to reschedule the animation framestle left image of Figure 14. All of the clusters can be seen in
have dynamic speed-up and slow-down to highlight all of thiEigure 3, and how they spatially relate to one another.
temporal changes equally. The user provides an absolute val The center cell is the cell of interest the left image of Fegur
rate of change optimization parametgr and a centroid vector 14, and we resort the spreadsheet to show relevance to theecel
or the average of multiple centroids to optimize. We dynahyc are interested in. When looking in the same column, we sde tha
speed up and slow down the animation so that apparent ratetidre are no other cells that have the similar temporal tiand
change, of the given cluster centroid, matches the usemgiuat frequency band. Additionally, the thumbnail rendgrimows
value rate of change over real time. This is assuming that ttrat the data points of the cluster form a well de ned struetu
rate of change is data value based, but the rate of change v can also see this through the cross-over-count infoomgatiy
also normalize in color or opacity space. The animation épee the yellow bar, is steady across temporal scales.
factor between time stepandt+ 1 is p=H(t), whereH(t) is the  |f we inspect another variable, we can possibly correlate th
high-frequency wavelet coef cient at time stepf the centroid spatial area to another temporal trend. A portion of the max-f
H, and p is the optimal rate of change. The user can specifytgn spreadsheet can be seen in the right image of Figure &4, w
maximum acceleration or deceleration parameter to clampate |ook for areas that have the same spatial area or correlateds:
of change, so that animation speed will not increase or deere There appear to be several clusters that appear to haveasimil
too abruptly. Included with the supplemental material am® t spatial volumetric occupancy, from the visualization thunails,
earthquake movies that showcase automatic frame rate ehafhere OH and mixfrac have temporal clusters in the same area
based on the centroid curve. The visible rate of changease® of the data. We can also see this from Figure 3.
over time, so the animation slows down to compensate for theywe also look at thec variable to see if there are any trends
visual change, and highlight rapid change, while it speedls that might be related to OH and mix fraction, but there aren't
when there isn't much change happening. any clusters that appear to be related. Though, one thing tha
is of interest is the pulse train that is in many of the frequyen
bands in the short term trends, seen in Figure 10. Even thaegh
are not able to perform spatial value tracking, we are skilea

In this section we present a sample usage of our systemtdéodetect visually from the spreadsheet some value movement
a turbulent combustion data set at a 480 x 720 x 120 gridrough space as a temporal trend of a pulse. Our methodsexcel
simulation, 122 time steps, with multiple variables, pd®d by at the detection of event start and ends, so we can preciseig d
Dr. Jacqueline Chen of Sandia National Laboratory throdgh tthe area and time that the value movement started by the one
SciDAC Ultravis Institute. When exploring the OH variabiethe cluster at the head of the pulse train. By combining all of the
cluster spreadsheet, there is a cell in Figure 8, that i®mdifit cells together that have the pulse into an overlay cell, athén
from the other clusters in value over time. Most data poirits bottom image of Figure 14, we are able to see that the pulse
a glance have an upward sloping trend over time, while thisrms a moving value in space over time. Each cluster is aa are
particular cluster starts high value, decreases, and tieedses that the value moves through. Potentially, the area of thezlay
at the end of the time series. This trend can be seen as wellcell coincides with the data in OH and mix fraction.

VII. CASE STuDY: COMBUSTION
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Fig. 15. The left image shows a temporal cluster from the OHat#dei of
the combustion data. The right image shows a temporal cluster fhe mix
fraction variable. The bottom image is a projection or comtimeof the two
variables in the same space to show coincidence and overlap.bdttom
volumetric region the two clusters from the two variablesrtag with each
other and share similar structural features.

When we intersect the OH cluster with the one of the mix
fraction clusters, seen in the left and right images of Fgis,
using projection operators, there is a spatial overlap &mdtsiral
coincidence, in the bottom image. They mostly overlap wibtre
other, and this is a strong indication that those data pdiate
a correlation in the two variables for those data points. The
clusters that are extracted do not seem to have value diorela
or spatial correlation with the OH and mixfrac. We can not say
thatc is temporally correlated from the information that we have,
and may be indepedent of those two variables.

VIIl. CASE STUDY: CLIMATE MODELING . . .
) . . Fig. 16. Two spreadsheet portions from the climate model dettaThe left
The Community Climate System Model 3.0 from the Nationamage displays several clusters from the low wavelet coefts. The time

Center for Atmospheric Research is a climate model for ptedj ~ Series is 6000 time steps long, and even after wavelet asatys trends are

. . t visible because of the value scale and length of data.rifiie image
past, present and future climates. The particular data set Q\Zows clusters from the high coef cient clustering of thensadata set. Here

use is a 6000 time step series of world wide 2 meter monthjs can see that there are long term trends in the data, asuterctiata tells
atmospheric temperature on a 256 x 128 2D grid. This multis there is a rate of change over the long term in time.

scale temporal methodology works quite well with climatedwmio

data and in particular for the large number of time steps @& th

CCSM. By using the multi-resolution wavelets to Ilter timae temperature over the rst 3000 months and over the next 3000

can see long term trends that might otherwise be obscureal. Thonths. Due to the scale of the data, the high wavelet ccerfitsi

high wavelet coef cients are well suited to show the acjivihat make it easy to detect changes in value.

are present in long term trends. For large time data such as this, it would not be feasible & us
For example, with CCSM, the time series is 6000 time steps atrdditional animatation to see long term trends, unless wee\o

local temporal feature has little effect on the long termtynie. use time rescaling. Even then, if the data was not smoothed, t

While looking at the time series at the original resolutiginis  high frequency noise of speeding up the animation may make it

just not possible to see large temporal features. The togéno& dif cult to see the long term trend. Our ltering and clusieg

Figure 16 shows clusters of large scale temporal featurdsein method is able to remove the short term trends, and dispky th

low wavelet coef cients. There does not seem to be any dgtivilong term summaries that are present in the data.

in the data. If we look at the high wavelet coef cients, fouimd We also have previous examples, Figure 2, which show the

the bottom image, a different picture emerges. In this exempability to classify geographical regions based on seagengber-

we can see that all areas in the climate model have a changetare activity. Additionally through multi-scale tempbigerting,
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we can classify geographical regions into hemispheres rmréy
hemispheres differences, depending on the seasonal phiftse s
A example of this can be seen in Figure 9 with the row that
contains cell A. Cell A is a cluster from 8 month trends, sa¢he
will be differences in the temperature between the nortlzerth
southern hemispheres due to seasonal phase shift between th
hemispheres. Cell A contains cluster of data points thatesha
similar temperatures in the northern hemisphere. The ¢ells
the left of A are at 16 and 32 month trends, the hemispherical
differences are not seen at this time scale, and they haee dat
points in both hemisphere that share the same temperatthatat
time scale.

IX. CASE STUDY: EARTHQUAKE

The earthquake data was created by the TeraShake 2.1 simula-
tion Southern California Earthquake Center, provided &y $an
Diego Supercomputer Center. It is a 226 time step series @®a 1
x 375 x 750 grid, where we used a computed velocity magnitude
scalar as the data. Clustering is able to extract the regiuats
have different wave characteristics due to different ggpld his
is because the basins that amplify earthquake waves hdeectif
temporal behavior compared to other data points. By clurgién
time, we are able to nd the basin because it behaves diftgren
compared to the surrounding geographical region, and fitrere
we are able to isolate it.
The top image in Figure 17 shows the entire data in the time
sequence. The second image is the cluster that was extfazted
the data through temporal activity clustering. As we canfem®
comparing the two images, we are able to isolate just the area
that corresponds to the basin, because those data poimésteba
same temporal activity, while the other surrounding datentgo
have different activity, and therefore, they are not cliedewith
the basin. Given traditional methods, a user would have totwa
an animation to deduce this different activity, and evemttshe
may not be able to isolate the data points quite as precisely a
this. The accuracy depends on the transfer function andadimm
and the ability of the user to notice the visual activity eiénce,
while our method was able to automatically nd the differéinte
activity that comprises the basin.
In visualizing the earthquake, the phenomenon is a burst of
wave activity in the basin, and therefore we can use our &ioma rig. 17. Two images from exploring the earthquake data. Theirtage
time scaling to slow down and emphasize the activity in that the entire data, before wavelet transformation and ciugte The second
time period. Animations in the supplemental material shaw dmage shows the basin extracted from the surrounding datab@hin has a
. . . ", ., different temporal behavior from the rest of the data, and tisuable to be
earthqual_<e_ shockwa\_/e coming mtc_) the basin. _Inltla_lllyrehent separated from the temporal activity background.
much activity happening in the basin, so the animation rastef.
As soon as the earthquake starts to happen, the animatiamsbeg
to slow down, so the user can see the temporal details. Orce
shockwave and activity burst has passed, the animatiordspge
once more.

gﬁd interact with the data, and eventually visualize thecerg
phenomena.
The temporal clusters are shown in a visualization spresgtsh
which summarizes the temporal and cluster content of tha. dat
X. CONCLUSION From there, the user can choose clusters to explore, whitth wi
We have presented a methodology for exploring time seritzs d@€ placed on a secondary time histogram spreadsheet. The tim
by focusing on temporal trends. Our goal was to locate dategpo histogram allows the user to see the value distribution tuee,
of similar temporal trends across multiple time scales. duieve and also make adjustments to the data in the cluster through
this, we apply the wavelet transform to data along time, eate brushing and linking. Selected clusters are then used inntle
a multi-resolution temporal representation. Then, weteluthe Visualization, where the user can perform boolean opersitan
data in the different temporal scales and wavelet coeftigpes the data and animate the temporal trends.
to derive groups of similar trends. These trends are thewrsho We believe that the proposed method and system is useful for
the user, who can browse the trends present in their datgtsekxploring data in a time centric manner, rather than foausin
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on space and value. There is room for improvement, though. [B®] E. Lum, J. Shearer, and K.-L. Ma. Interactive multi-scaieloration

particular, the clustering method is more appropriate fatiglly

static data, such as weather climate data or temporal Hsts
such as the earthquake basin. In the future, we would like

p@ol]

extend the method to be able to deal with spatially movingtini22]

activity or temporal phase shift, such as is seen in the casiidu

or earthquake data. Secondly, the user interface needs to be

able to adapt to the data explosion from extracting the pielti [23]

temporal scales and clusters. As can be seen with the cluster
spreadsheet, even with cell culling, there can be many trwis

can overwhelm the user. Additional metrics, controls, ocgscto
highlight potential interesting time activity would be fisleto

[24]

(25]

reduce the amount of data that is shown to the user.
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