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Abstract

The world we live in is highly dynamic. The understanding of dynamic processes is crucial in all
the fields that have to deal with moving objects or phenomena. It can be strongly supported by
visual explorative methods and interactive tools. Investigating temporal changes of spatial pat-
terns counts as one of the most challenging research tasks for geoscientists because it demands
the capabilities of extracting the reliable temporal changes from large datasets, aggregating the
extracted information and visualize it in an easily comprehensible way for the target users.

This thesis is dedicated to the visual exploration of a specific type of geographic data, namely the
spatially extended moving objects or phenomena. Visual analytical approaches are developed
and implemented to study the dynamics of the spatio-temporally evolving polygons. The lightning
data are chosen as a real-world case.

The visual exploration of dynamic phenomena can be methodologically unfolded into three parts:
(a) the data representation which typically requires data pre-processing, clustering and trajectory
modeling; (b) the visual analysis empowered by user interactions; and (c) the visual analytics
which is essentially an emerging discipline incorporating user interactions with multidimensional
and multivariate visualization tools such as maps, diagrams and graphs. Different kinds of dy-
namic objects and events are comprehensively discussed with an emphasis on the specification
of their semantic and geometrical attributes. The existing visualization technologies for the visual
movement analysis of spatially extended objects (SEOs) are introduced and compared. While the
visual analytical approaches for moving point objects have been extensively investigated in the
recent years, the available methods for dynamic SEOs and phenomena remain rather limited.
Even fewer works have been reported on the spatio-temporal changes of SEOs in form of trajec-
tory lanes and their dynamic patterns.

The author proposes a generic concept for visual analysis of dynamic SEOs according to which
appropriate visual explorative tools can be selected, depending on the data of SEOs and their
expected applications. The concept is basically shaped by two components of dynamic SEOs.
The first component is the momentary situation of the moving cluster which is defined either
through a moment of time or by a specific time interval. The other component is the entire trajec-
tory or “lane” of the moving SEO, representing the continuous cluster movement during the entire
lifetime period. Both components contain certain movement aspects and behaviors. Furthermore,
specific movement analysis tasks and their possible visual analytical solutions are presented in
this work. A particular focus is on the internal structure change of SEOs represented by grouped
point events. The existing approaches mainly apply to datasets with two different moments of
time and thus do not provide adequate solutions for density mapping of dynamic points belonging
to the same moving phenomena. The proposed approach termed as STDmapping intends to fill
this research gap by incorporating and visualizing the temporal change of a point cluster in a 2D
density map. The density surface is temporally segmented into layered tints. Moreover, the use of
non-cartographical visual analytical approaches provides a further insight into temporally chang-
ing semantics and geometry of dynamic geoobjects, such as lightning data. Two of these existing
methods, the radar plot and the parallel coordinate plot, do not adequately address the temporal
aspect and are therefore extended to overcome their drawback. Thereby the author came across
the idea of addressing temporal changes towards the third dimension. Further non-cartographical
visual analytical approaches are introduced to investigate the similarity and complexity of trajecto-
ries of dynamic lightning data. In addition, a multivariate visual analytical prototype tool is imple-
mented. It allows the combination and synchronization of different visualization methods, thus
can provide an interactive visual insight into the dynamics of lightning data.
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Zusammenfassung

Wir leben in einer hochdynamischen Welt. Das Verstehen von dynamischen Prozessen ist essen-
tiell, besonders in Bereichen, die sich mit bewegten Objekten oder Phanomenen auseinanderset-
zen. Dabei kdnnen visuelle explorative Methoden und interaktive Tools einen wesentlichen Bei-
trag leisten. Die Erforschung von zeitlichen Veranderungen raumlicher Patterns zahlt zu den
anspruchsvollsten Aufgaben fir Geowissenschaftler. Dies verlangt die Fahigkeit signifikante
zeitliche Veradnderungen in grof3en Datensatzen zu ermitteln, die extrahierten Informationen zu
aggregieren und fiir bestimmte Zielgruppen auf einfache, verstandliche und anschauliche Weise
darzustellen.

Diese Arbeit beschaftigt sich mit der visuellen Untersuchung einer bestimmten Art von sich be-
wegenden Geoobjekten, und zwar rdumlich ausgedehnte Objekte (SEO) beziehungsweise Pha-
nomene. Visuell-analytische Methoden werden entwickelt und implementiert, um die Dynamik
von bewegten und rdumlich ausgedehnten Polygonen zu untersuchen. Als Anwendungsfall
dienen Blitzdaten beziehungsweise dynamische Blitz-Cluster.

Die visuelle Exploration von dynamischen Phanomenen kann in drei methodische Teile geglie-
dert werden: (a) Daten-Reprasentation, welche Ublicherweise Daten Aufbereitung, Klassifizierung
und Trajektorien-Modellierung erfordert; (b) Interaktive visuelle Analyse; und (c) Visual Analytics -
ein wachsendes Forschungsgebiet, in dem multidimensionale und multivariate graphische Tools
interaktiv zum Einsatz kommen - darunter Karten, Diagramme und andere nicht-kartographische
Darstellungen. Verschiedene Arten dynamischer Objekte und Ereignisse sowie deren semanti-
sche als auch geometrische Attribute werden ausfihrlich diskutiert. Ebenso werden vorhandene
Visualisierungs-Techniken zur visuellen Bewegungsanalyse raumlich ausgedehnter Phanomene
vorgestellt und miteinander verglichen. In der Fachliteratur gab es insbesondere in den vergan-
genen Jahren zahlreiche visuell analytische Ansatze zur Untersuchung von bewegten Punkt-
Objekten. Methoden, die sich jedoch auf dynamische SEOs beziehen, blieben bisher eher be-
grenzt. Nur wenige vorhandene Arbeiten beschéftigten sich mit raum-zeitlichen Veranderungen
von SEOs in Form von Trajektorien-Spuren und deren dynamische Muster.

Der Autor stellt ein allgemeines Konzept zur visuellen Analyse von dynamischen SEOs vor, mit
dessen Einsatz visuelle explorative Tools ausgewahlt werden kénnen, abhéngig von den zugrun-
deliegenden Daten und dem angestrebten Nutzungszweck. Das Konzept beruht auf zwei Kom-
ponenten von dynamischen SEOs. Dabei ist die erste Komponente die momentane Situation
eines sich fortbewegenden Clusters zu einem bestimmten Zeitpunkt oder innerhalb eines spezifi-
schen Zeitinterwalles. Die zweite Komponente wird definiert durch die gesamte Trajektorie oder
~opur® des dynamischen SEO, welche die zusammenhangende Clusterbewegung wahrend der
gesamten Lebensdauer des SEO darstellt. Beide Komponenten beinhalten gewisse Bewegungs-
Aspekte sowie Informationen (ber das Bewegungsverhalten des SEO. Des Weiteren werden
spezifische Aufgaben zur Bewegungs-Analyse von SEOs sowie deren visuell-analytischen L6-
sungen in dieser Arbeit vorgestellt. Ein besonderer Schwerpunkt wird auf die internen Struktur-
veranderungen von jenen SEOs gelegt, welche auf gruppierte punktbezogene Ereignisse beru-
hen. Bestehende Methoden sind hauptsachlich auf Datensatze fur zwei verschiedene Zeitpunkte
anwendbar und bieten keine adéquaten Ldsungen fir Dichtekarten von dynamischen Punkten
welche bewegte Phanomene reprasentieren. Die vorgestellte Methode, bezeichnet als ,STD-
mapping“, versucht diese Forschungsliicke zu flllen indem zeitliche Veranderungen von Punkt-
clustern in der Erstellung von 2D Dichtekarten berticksichtigt und entsprechend visualisiert wer-
den. Dabei werden die Dichte-Konturintervalle in zeitliche Segmente unterteilt und farblich ange-
passt.
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Der Einsatz von nicht-kartographischen visuellen analytischen Ansatzen bietet zusatzliche Er-
kenntnisgewinnung Uber die sich zeitlich &ndernde Semantik und Geometrie von dynamischen
Geoobjekten, unter anderem auch von bewegten Blitzclustern. Zwei gebrauchliche Methoden,
der ,Radar plot“ und der ,Parallele Koordinatenplot®, beriicksichtigen zeitliche Aspekte nicht in
der gewiinschten Form und werden in dieser Arbeit dahingehend erweitert. Die Idee dabei ist die
Ausdehnung dieser Methoden in die dritte Dimension. AufRerdem werden weitere nicht-
kartographische visuell analytische Ansatze vorgestellt, mit denen vor allem die Komplexitat und
die Ahnlichkeit von Blitz-Trajektorien untersucht werden kénnen. Darlber hinaus wird eine mul-
tivariate visuell analytische graphische Benutzeroberflache (Prototyp) implementiert, die es er-
laubt, unterschiedliche Visualisierungsmethoden zu kombinieren als auch zu synchronisieren, um
den Nutzer oder Analyst eine interaktive visuelle Einsicht in dynamische Blitzdaten zu ermégli-
chen.
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1. Introduction

This chapter addresses the nature of movements and the categorization of movement data. The
research field related to the visualization and analysis of movement data is outlined along with a
narrative of its social relevance. In line with the motivation and the goal of the involved research
work, the author defines the scope and structure of the dissertation.

1.1. Ubiquitous movements and movement data

We live in a dynamic world. Dynamics in a geographical context includes, on the one hand, mov-
ing objects, such as people, vehicles or animals and on the other hand, it deals with the spatio-
temporal change of our environment including urban objects (e.g. houses, streets) as well as
natural phenomena on the earth surface (e.g. water, forests) and those related to the atmosphere
(e.g. clouds, wind) and belowground (e.g. soil composition). Furthermore, people interact on
certain places at or during certain times with each other and with our environment. These spatio-
temporal activities also lead to movements and changes, such as shifting of boundaries (e.g.
political or cultural ones). Understanding of movements is an important mental process for the
informed decisions in the modern society. An appropriate representation of geographic dynamics
should tell us a story about the respective evolving process and thus facilitate the comprehen-
sion.

With the increasing availability of big data including large quantities of movement data acquired
through sensory devices such as mobile phones, GPS and navigational facilities, the exploration
of dynamic geographic data and thus movement pattern detection have become an important
research focus (Dykes & Mountain 2003). Thus movement data are ubiquitous — technically
available everywhere to any time. Consequently appropriate visual analytical methods and tools
are needed to analyze movement data, to derive an insight into them and to make decisions
based on visualizations and the interactive use of visual tools.

The visual analytical investigations presented in this thesis support the approaches of visual
analytics — a brand new research discipline that emerged from a number of scientific works. In
2004, the National Visualization and Analytics Center (NVAC) was founded in USA (NVAC 2012).
NVAC gathered experts from different disciplines and proposed a research agenda for visual
analytics. Its European counterpart VisMaster is dedicated to the coordination of research activi-
ties of visual analytics (VisMaster 2012). Moreover, a working group of the MOVE project is
dedicated on visual analytics for movement and cognitive issues (MOVE). The main goal of
MOVE (COST Action 1C0903) is to develop improved methods for knowledge extraction from
large amounts of data about moving objects.

Different research groups have been engaged in the studies of movement data with each having
a different scientific focus, for instance:

e Social Movement

¢ Movement in ecology

¢ Movement in spatio-temporal data bases

¢ Movement in spatio-temporal data mining

¢ Movement in Information-and-communication-technology

e Representation/visual analytics of movement (VisMaster, NVAC, MOVE)

Obviously, the movement research is either targeted on a specific application domain or is driven
by technology. The last listed focus (representation/visual analytics of movement) has an inter-
disciplinary nature. The related working groups are engaged in developing general methods and
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tools as well as data/application-specific concepts and solutions. This thesis addresses the visual
analytical approaches for a specific type of geographic movement data — spatially extended
dynamic objects or phenomena, taking the movements of lightning clusters as a case study.

1.2. Motivation and relevance of the work

In general, tools in cartography, geographic information systems (GIS) tools as well as other
visual tools are used to represent and explore geodata. Many existing approaches are conceptu-
alized for static two-dimensional data. Taking into account also the third dimension in space, the
dynamics of data (change in time) and the possibility of user interaction, many visual tools need
to be adapted and extended in order to handle the additional constraints. MacEachren & Kraak
(2001) appealed the cartographic research community to take full advantage of technological
advances that make it possible to personalize representation, generate complex multidimensional
and dynamically linked views, merge representation with reality and take advantage of non-visual
perceptual channels. According to the research agenda of the International Cartographic Asso-
ciation, an important issue in geovisualization and visual analytics is that “geovisualization tech-
niques have extended the map medium to embrace dynamic, three- and four-dimensional data
representation” (Virrantaus et al. 2009).

Efficient visual exploration may enable the analysis of large datasets. But current methods are not
effective enough for a visual analysis. Considerable visual disorder and overplotting might cause
illegible data representation. Furthermore, it is not always straightforward to identify, track and
understand abundant simultaneously changing visual components (Andrienko et al. 2008a). In
(Cook et al. 2012), the challenges in extreme-scale visual analytics are explained. Two of them
are addressed in this work: the analytics of temporally evolved features; data summarization and
triage for interactive query. Both require a meaningful representation and modeling of complex
spatiotemporal phenomena and the representation of other non-spatial attributes that may exist in
space-time (Goodchild 2010). The visualization, visual analysis and visual analytics of dynamic
geographical data and phenomena are regarded as a crucial research field (Andrienko &
Andrienko 2013) which is expected to deliver some useful solutions. The foundations, in particu-
lar in geo-spatial and temporal visual analytics of dynamic geodata, have been already laid.
Application domains where the analysis including the visual analysis of dynamic geographic data
is relevant include those dealing with the mobility of people, animals, goods, such as transporta-
tion, tourism, urban and rural planning, resource management, crisis management, ecology etc.;
or those focusing on the dynamics of environmental phenomena, such as meteorology, wildfire
analysis, water management, landslide analysis etc. Further possible application domain could be
microbiology and medicine.

Notably, numerous frameworks, strategies, methods and tools for the visual analysis of moving
discrete point data such as cars, airplanes, vessels etc. have been proposed and implemented,
but only few approaches have touched the dynamics of spatially extended objects (SEOs) or
spatially extended phenomena (SEPs) such as clouds, swarms and herds which change their
sizes, shapes and other attributes in time. The individual instances for a SEO or SEP may de-
mand customized visual analysis solutions. The dynamic lightning clusters which represent the
most dangerous part of a thunderstorm, for example, cannot yet been thoroughly studied due to
inadequate approaches of visual analysis/analytics and missing interactive visual exploration
tools for target groups such as weather researchers and decision makers (e.g. at airports). With
this thesis, the author attempts to fill some research gaps based on the preliminary work on the
visual analysis for lightning data as reported in (Peters & Meng 2013).
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1.3. Objectives of the work

The thesis aims to construct a framework for the visual exploration of dynamic SEPs in which
different types of phenomena are addressed and visual exploration methods and tools are ac-
commodated. Furthermore, the thesis will provide an overview of visual analysis approaches,
report the implementation of existing visual analytical approaches and introduce the development
of new ones for general dynamic SEP and the moving lightning clusters as a special instance. In
more details, the thesis aims to make methodological contributions in three categories of innova-
tions:

() Novel methods

Density maps, illustrated for example through contour intervals, support the visual exploration of
spatio-temporal phenomena represented by point data. Nonetheless, the temporal information is
not yet adequately addressed in existing approaches. A novel approach for the creation of two-
dimensional density surfaces for dynamic (spatially and temporally changing) points or phenome-
na will be developed and implemented on lightning data. Moreover, moving lightning clusters — a
specific type of SEPs, partly require individual solutions for their visual exploration. Two novel
visual analytical approaches for the trajectory complexity and trajectory similarity investigation are
introduced and applied to a test dataset.

(I) Extension or elaboration of existing approaches:

Existing geovisual analysis and geovisual analytics approaches may help provide an insight into
spatial data and derive general patterns. Some of these approaches, in particular, visual analyti-
cal approaches, will be extended to deal with spatio-temporal data. These include two elaborated
methods radar plot and parallel coordinate plot (PCP).

(1IN Verification (implementation and adaptation) of existing approaches:

Existing approaches for visually exploring the complex and information-rich type of moving light-
ning clusters will be implemented and verified. They include space time cube (STC) and table
lens plot. Moreover, an interactive web-based graphic user interface (GUI) will be implemented
for a comprehensive visual exploration of dynamic lightning data.

The following research questions are involved in order to reach the above objectives:

1) How can we describe and visually present dynamic SEOs/SEPs — in particular dynamic
lightning clusters?

2) How can we visually analyze the movement of dynamic SEOs, in particular lightning clus-
ters, using maps and other displays?

3) How can we incorporate temporal information in two-dimensional density contour maps
for dynamic SEPs that are characterized by moving points or events?

4) How can existing geovisual-analytics approaches for spatial data be refined to address
the visual exploration of dynamic data, in particular dynamic SEOs/SEPs?

5) Which information can be derived using geovisual analysis and geovisual analytics meth-
ods for dynamic SEOs?

1.4. Thesis structure

The thesis is divided in six chapters. Figure 1-1 provides an overview about the organization of
the thesis. Following the introductory chapter (Chapter 1), Chapter 2 consists of a theoretical
background including terminologies related to the dynamics of geographic objects and phenome-
na as well as the evolution from visual analysis to visual analytics. The state of the art is summa-
rized along with a literature review on visual analysis approaches for dynamic geoobjects, in



Introduction 14

particular of SEOs/SEPs. A framework for the visual analysis of dynamic SEOs/SEPs is generat-
ed in Chapter 3. In Chapter 4 the framework is tailored to the application case of moving lightning
data, which involves elaboration and specialization of the visual representation and visual analy-
sis/analytics for the spatio-temporal nature of lightning data. Several approaches are implement-
ed for a lightning test dataset and evaluated. They are either elaborations of the existing methods
or novel approaches. Some of them are specifically developed for lightning data, others are
generally appropriate for dynamic SEOs/SEPs. The novel technique - Spatio-temporal-Density
mapping (STDmapping) is described in detail, providing a solution to incorporate temporal infor-
mation in two-dimensional density contour maps for dynamic SEOs/SEPs. Existing visual analyti-
cal approaches such as radar plot and PCP are extended as three-dimensional tools — using the
third dimension to integrate the movement information. For the case study with lightning data two
novel visual analytical approaches are suggested, providing an insight into trajectory complexity
and similarity. The advantages as well as the drawbacks of all suggested approaches are sum-
marized in the final chapter, followed by an outlook about further research issues.

‘ Introduction and Motivation

Chapter 1

‘ Theoretical background and state of the art

Terminologies Visual movement analysis

Chapter 2

e ™
Visual analysis/analytics
of dynamic SEQs/SOPs

Chapter 3

‘. A case study of lightning data ‘

Representation and visual
movement analysis of lightning data

Trajectory similarities

Trajectory complexity

STDmapping | | Temporal Radarplot
Temporal Parallel coordinate plot Chapter 4
Discussion
. Chapter 5
Conclusion and Outlook
\ Chapter 6

Figure 1-1: Thesis organization.
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2. Theoretical background and the state of the art

This chapter aims to provide the fundamentals needed to understand the approaches in subse-
guent chapters. In Section 2.1, the terms visualization, geovisualization, geovisual analysis and
geovisual analytics as well as their position and importance in cartography are introduced. It is
followed by dedicated discussions on the geographic dynamics — a spatio-temporal process
involving space, time, geographic entities and movement. Different kinds of dynamic objects and
events as well as their semantic and geometrical attributes are specified. Section 2.2 is dedicated
to spatio-temporal modeling of dynamic phenomena. Object- as well as event-oriented modeling
approaches are presented along with an introduction of taxonomies of spatio-temporal change
patterns and spatio-temporal relationships of moving objects, in particular, those of dynamic
polygons. Section 2.3 is dedicated to existing cartographic representation techniques for dynamic
phenomena. By means of map examples showing temporal information and movement infor-
mation, different temporal map types are identified. Furthermore, various strategies for represent-
ing dynamic data (e.g. trajectories and aggregated trajectories) on static as well on dynamic
maps are discussed. Section 2.4 deals with visual analysis methods for movement data which
can be discrete points, fields and dynamic polygons. Dynamic phenomena extended in space
and based on moving points or events also change their internal structure including their point
density. Usually, they can be visualized in density maps. The state of the art of density mapping
techniques is summarized and evaluated in Section 2.5, which brings about the associated re-
search question. The similarity measurement of trajectories is discussed in Section 2.5. Section
2.6 introduces theories for uncertainty visualization of predicted dynamic data.

2.1. Terminologies and notions

2.1.1. Geovisualization and geovisual analytics

The term visualization has its roots in scientific visualization and was developed to investigate
large multivariate datasets (Slocum et al. 2009). McCormick et al. (1987) stated that scientific
visualization aims to leverage existing scientific methods by providing an insight into the observed
data through visual methods. More recently, the term and the field of information visualization,
closely related to scientific visualization have been introduced, focusing on the visual representa-
tion and analysis of numeric and nonnumeric information with the purpose to construct a visual
mind image. Today, the visualization can be also understood as a graphic representation of data
or concepts (Ware 2012). The concept of visualization exists in cartography at least since 1950
(MacEachren & Taylor 1994) when cartographers manage to define the visualization of geo-
graphic information. One basic definition given by MacEachren & Monmonier (1992) encom-
passes both paper and computer-displayed maps: “The use of concrete visual representations —
whether on paper or through computer displays or other media — to make spatial contexts and
problems visible, so as to engage the most powerful human information-processing abilities,
those associated with vision”. Thus a broader term for geographic visualization was introduced,
taking all types of geographical data and non-spatial data as input and maps, areal images,
diagrams, graphs and many other visual forms as output.

Visualization as a process of making things visible is an enabling mechanism that helps to under-
stand and explore complex relationships in a spatial context. It does not necessarily advance
information communication, but it aims to increase the probability of doing so (Peters & Meng
2013). On the one hand, visualization complements and expands our capability of perception. On
the other hand, visualization aims to steer our perception in a certain direction in order to enable
innovation.
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Maps are among the most favored visualization techniques. They are traditionally used to repre-
sent geographic information in an abstract form, support the identification of spatial patterns at
different abstraction levels and highlight characteristic features of spatial phenomena. In today’s
society, the amount of shared information and data is constantly increasing. Therefore, there is
an increasing demand for data abstraction (Mackaness et al. 2007). A direct projection of digital
geodata on a display surface does not make sense from the cartographic perspective. Instead,
maps are elaborately designed to reveal patterns that may not be immediately recognized in the
real world (Andrienko et al. 2008a). Maps are often treated as a subset of visualizations, in par-
ticular, geographic visualizations or geovisualizations (MacEachren et al. 1999). Geovisualization
as a research domain addresses and integrates approaches from multiple disciplines, such as
visual exploration, analysis, synthesis and presentation of geographic data, information and
knowledge (Dykes et al. 2005). Thereby, the ease of use is the key to effective visual data analy-
sis.

Figure 2-1 illustrates a map use cube introduced by MacEachren & Taylor (1994). Depending on
the type of user, the form of interaction and on the pre-knowledge about the visualized infor-
mation, the cube embraces different functions of map usage ranging from presentation (commu-
nication of mostly general messages in a pre-assembled way) and all the way through analysis
and synthesis to the exploration of structures and processes.
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Figure 2-1: Map use cube according to MacEachren & Taylor (1994).

Geovisualization aims to facilitate data exploration, cognition and interpretation of geographic
information by the use of appropriate visual representations. Thus the use of geovisualization can
be understood as visual analysis of geographic data or geovisual analysis. The rapidly increasing
amount of data and its complexity that now demands both visual representation and analysis has
given rise to the new scientific field of visual analytics (Keim et al. 2008). Conventional maps
have been obviously extended and elaborated to involve further graphic presentations. According
to Thomas & Cook (2005), the term visual analytics stands for the science of analytical reasoning
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supported by interactive visual interfaces. The basic idea behind any visual analytical process is
to combine human cognitive capabilities with computer advance graphics representations of a
natural phenomenon. This aims to provide better reasoning and understanding of the natural
phenomenon characteristics. Furthermore, interactive visual exploration facilitates the revealing
of hidden information with a high quality, thus enable the analyst to draw correct conclusions and
make right decisions (Andrienko et al. 2010). Visual analytics is an interdisciplinary field, including
among others mathematics, statistics, information visualization, scientific visualization, data
mining, geospatial and cognitive sciences. Starting from the visualized data, it supports pattern
recognition, imagination, association and analytical reasoning (Andrienko et al. 2003).

Geovisual analytics focuses on visual analytical approaches for geographic information, in partic-
ular for multidimensional data with complex structures and features. Schiewe (2013) extended the
definition of geovisual analytics as “a linkage of visual and computational methods and tools for
extracting hypotheses and information from spatial data”. He understands “analytics” as an um-
brella for different map use functions comprising synthesis and exploration. Since the integrated
visual and automated analysis is focused on the reasoning function, geovisual analytics goes
beyond the scope of geovisual analysis.

Certain differences between visualization, geovisualization (geovisual analysis) and geovisual
analytics are perceivable in their definitions. In general, the graphic representation of geographic
information is mainly used for demonstration and illustration purpose. The uses of static graphic
representations for multidimensional data, however, have drawbacks, such as inevitable occlu-
sion and overlapping, which may cause information loss. Furthermore, spatio-temporal data can
only be displayed for a certain moment of time or time interval. To visually gain an insight into the
complex and large spatial or spatio-temporal data and their behavior, explorative tools are need-
ed. Geovisual analysis includes interactions enabled by explorative tools such as panning, zoom-
ing, rotating and further analytical operations etc. These tools may help partly overcome the
disadvantages of simple data representation. However, current techniques may not be sufficient
to deal with very complex and large datasets. Displays may become illegible due to visual clutter
and massive overplotting and users may have difficulties to perceive, track and understand the
changing visual elements (Andrienko et al. 2008a).

Geovisual analytics goes a step further. It deals not only the visual exploration of the geographic
locations of data items, but also the understanding of the semantic attributes of the geo-
referenced data, their relationships among each other and their interactions with the geographic
locations. Besides standard cartographic map displays, graphics, diagrams, charts and further
innovative solutions can also be used to visualize the large amount of data. By means of methods
of geovisual analytics we can derive intermediate results, which themselves, can be visualized in
an appropriate way. Thus visual analytics enables a systematic - and if needed iterative - visual
insight-discovery of large datasets including the semantic attributes. To distinguish geovisual
analysis from geovisual analytics we have to differentiate the terms analysis and analytics from
each other. An analysis can be described as a process of decomposing a complex entity into
simpler components in order to facilitate the comprehension of it. Analytics is focused on the
entire methodology rather than the individual steps (as analysis). As a discipline it uses different
tools and techniques from several fields (e.g. mathematics, statistics) to gain knowledge from
data and to provide a comprehensive insight into the data and data characteristics.

Geovisual analytics has far more theories, methods than just visual analysis tools; and it consists
of not only a value-adding chain of geovisualization, but also the studies of user behavior and
usability. Figure 2-2 illustrates the realm of visual analytics. It combines visual analysis and auto-
matic methods. Thereby, human interaction is essential to gain knowledge from data. Four differ-
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ent stages are shown: Data, Models, Visualization and Knowledge. Relations/transitions between
these stages are iterative and illustrated via arrows.
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Figure 2-2: Different stages involved in the visual analytics, source: visual-analytics.eu.

Nevertheless, existing research in visual analytics was devoted mainly to elaborating tools to
visualize data and their features rather than capturing and analyzing the insight. Schiewe (2013)
proposed a schematic representation of the interplay of geovisual analytics, geovisualization and
cartography as illustrated in Figure 2-3. Schiewe’s scheme clearly shows that geovisualization,
geovisual analytics, cartography and related fields interplay and are therefore not isolated fields.
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Figure 2-3: Schematic representation of the interplay of geovisual analytics, geovisualization and
cartography, proposed by Schiewe (2013).

Schiewe (2013) argued that a key problem with the term geovisualization is caused by its “visual-
ization” component which generally includes how spatial information is made visible but not its
purpose. On the other hand, geovisualization was defined with a focus on usage (as explained
before and illustrated in Figure 2-1). Consequently, the focus of geovisualization is on the pur-
pose of the visual product rather than the product generation as such. These different views
(generation and usage) may lead to some confusion with the term geovisualization. Researches
in cartography nowadays are focused on ubiquitous and interactive exploration of real-time ac-
cessible geodata using the Internet technology, distributed databases, multiple data integration
systems etc. This trend confirms Schiewe’s view that cartography and geovisual analytics tend to
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interplay more and more. Since this thesis deals with geographical data the terms “geovisual
analysis” and geovisual analytics” are - for the sake of simplicity — reduced to “visual analysis”
and “visual analytics” and we will use the term “visual exploration” when we speak about both,
visual analysis and visual analytics. The concepts and approaches presented in this thesis refer
to the visual analysis and visual analytics of movement data. In particular, the process of object
movement is emphasized.

2.1.2. Geographic dynamics — a spatio-temporal process involving space, time,
geographic entities and movement

Traditionally, GIS data modeling emphasizes the spatial representation of the real world (Peuquet
1984). In this section we attempt to scrutinize the dynamics of geodata that typically involves the
term ‘moving’ or ‘evolving’. Dynamic geographic phenomena can be conceptually represented as
spatio-temporal patterns, space-time processes or events (Shipley et al. 2013). Geographic
dynamics describes all time-dependent aspects of the Earth surface and near-surface, including
results of processes that transform and modify it (Goodchild & Glennon 2008). It involves both
physical and social phenomena. Tools and models in GISscience may enable the analysis of
dynamic phenomena. Goodchild and Glennon divide the identification of dynamic processes in
object-based and field-based.

The adjective geographic refers first and foremost to the Earth surface and near-surface. For
many applications and purposes the 2D surface is sufficient, but in fields such as atmospheric
sciences, the full 3D knowledge about the domain is needed. Dynamics refers to changes caused
by time and their characteristics. Changes in the geographic world may result from natural pro-
cesses, such as erosion or caused by human activities, such as global warming. In general we
relate ‘dynamics’ to the change of something. Dynamics of geographical phenomena can refer to
a change of object position (e.g. movement) and/or object attributes (e.g. deformation, erosion).
This thesis mainly addresses the movement of SEOs. With the movement of such objects, some
of their attributes may change as well.

About 25 years ago, Goodchild (1988) stated, that dynamic phenomena have not been adequate-
ly addressed in GIS-science and cartography due to difficulties of their acquisition and storage.
Instead, the emphasis is so far laid on the static aspects of the surface. In recent years, a wide
range of tools and methods for the dynamic phenomena domain have been developed, including
visualization and interactive visual analytical approaches. Nevertheless, many of these ap-
proaches are data specific, raster-based and developed for 2D scenario. Some examples are
given in Burrough et al. (2005). Peuquet (1994b) described the relation between What, Where
and When. This triad framework fits the geographic movement: If a geographic object or event
(“What”) changes its spatial location (“Where”) in time (“When”) it can be called Spatio-temporal
object/phenomena (see Figure 2-4).
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What
(geographic
object(s)
or event(s))

Location changes in time
=> Spatio-temporal objects

Where When
(spatial location) (temporal information)

Figure 2-4: A triad framework based on Peuquet (1994b).

In traditional mapmaking, the dynamic behavior of spatial objects is considered in a limited way.
In static maps, the time is mostly treated as an attribute of spatial objects, describing for example
the time stamp of data acquisition (date and time during a day) or occurrence time/time interval.
In the last decade, in digital maps, in particular with the use of animations, ‘time’ became more
central in map-making process and easier to represent (e.g. within a STC). Isard (1970) de-
scribed four types of time in geography: ‘universe time’ which is linear and absolute, ‘cyclic time’
such as diurnal patterns, ‘ordinal time’ which records the relative ordering of events and ‘time as
distance’ in which the spatial dimension is used to represent time. Besides, Haggett (1990) char-
acterized four types of temporal changes: constants, trends, cycles and shifts. An event can be
understood as a significant change of a spatial object or phenomena. This change happens
within a specific time period or at a certain moment of time. Whereas a spatio-temporal process is
a sequence of dynamically related states showing how something evolves in space and time.
Yuan & Hornsby (2007) defined an ‘event’ within geographic dynamics as “an occurrence of
something with significance that drives noteworthy change at locations over time. The decision on
significance and noteworthy is situational and problem-dependent”.

How can spatio-temporal objects/phenomena been described and distinguished? Galton (2003,
2004) provided a theoretical framework and stated that phenomena - changing in time and space
— appear in different forms: as objects and events (or processes). Galton specified these phe-
nomena and introduced the terms ‘dual-aspect phenomena’ and ‘multi-aspect phenomena’.
Regarding dual-aspect phenomena, he draws attention to their object-event duality. Examples of
the dual aspect are hurricanes, floods, wildfires, epidemics, processions, flocks, swarms and
plagues. Each of them have in common that at some point of time they come into existence,
move along a trajectory (track), perhaps changing in character and then ceases to exist. In case
of multi-aspect phenomena, they come into existence more than once. One example of this would
be a certain epidemics which could be temporally curbed, but for some reason the same plague
breaks out again. Moreover, Galton ‘philosophically’ distinguished between continuants and
occurrents, which are extended in time. Objects are traditionally classed as continuants and
events as occurrents. Besides, geographical objects are defined by Mennis et al. (2000) as “geo-
graphic conceptual entities that have a unique and cohesive identity and are related to a specific
combination of observational data stored in the location, time and theme perspective”. A theme
can be understood as a spatiotemporal field of measurement (e.g. temperature).

Many dual-aspect-phenomena contain large numbers of similar units acting in a more or less
coordinated way. The phenomena’s dynamic aspect and the collective behavior of its individuals
are essential components. Thus Galton calls these discrete dual-aspect phenomena ‘dynamic
collectives’ while for instance swarms, crowds and traffic events are naturally conceptualized as
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dynamic collectives; whereas storms, floods, etc., which arise from the action of large numbers of
water- or air-molecules, are for many purposes more naturally thought of as continuous fluid
masses (Galton 2004). Bearing in mind the importance of these dual-aspect phenomena to GIS-
science, we need a set of conceptual tools which will enable justification to their distinctive char-
acters. Galton believed that visualization and visual analysis are approaches to answer the ques-
tion how higher-level phenomena emerge from their lower-level constituents. Goodchild et al.
(2007) introduced three essential dimensions of describing the dynamic behavior of geographic
objects: the geometry, the movement and the internal structure. Each dimension can change in
time to a certain extent as illustrated in Figure 2-5.
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Figure 2-5: Dimensions of temporal variability in geographic objects (Goodchild et al. 2007).

The concept of discrete objects (or entities) and continuous fields proposed by (Longley 2005)
provides a convenient framework for the discussion of geographic dynamics. Discrete objects
(geographic individuals with well-defined boundaries) are subdivided into points, lines and poly-
gons. Considering the movement of discrete geographic objects, dynamic points (e.g. cars, ves-
sels) and dynamic SEOs (2D/3D-polygon, e.g. floods, swarms, thunderstorms) bear a special
interest while changing their spatial locations/extensions as well as their properties in time. Mov-
ing line objects rarely exist in reality. However, changing borders could be one example. “Spatio-
temporal data, in particular, movement data, involve geographical space, time, various objects
existing and occurring in space and multidimensional attributes changing over time” (Andrienko et
al. 2011a). In their conceptual framework for movement analysis the authors classified objects
according their spatial and temporal properties as illustrated in Figure 2-6.
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Figure 2-6: Objects and their spatio-temporal structure and relations (Andrienko et al. 2011a).

Spatial objects have a specific position in space and in any moment of time of their existences.
Events (temporal events) are mental units and have a limited time of existence, or, in other
words, a particular position in time (e.g. New Year's Eve). Spatial events have a particular posi-
tion in time and in space (e.g. lightning strike). Moving objects (movers) are spatial objects that
change their spatial position over time (e.g. vehicles). Moving events are events that change their
spatial positions over time (e.g. a lynx chasing a deer). Longley (2005) called such spatial or
moving events as ‘geographical phenomena’ respectively space-time processes. Spatial events
and moving objects can be together referred to as spatio-temporal objects (Andrienko et al.
2011a).

In several prior publications ‘events’ are defined as discrete changes over time (e.g. earthquakes
or Olympic games) respectively as something that happen somewhere and occur when spatial
objects change or interact (Casati & Varzi 2008; Shipley 2008; Tversky et al. 2008). In (Andrienko
& Andrienko 2013) a distinction is made between three different kinds of movement data: 1)
discrete objects whose spatial positions can be represented by points; 2) fields, such as ocean
currents and 3) SEOs changing their sizes and shapes, such as clouds. The focus within this
thesis lies on spatio-temporal objects and in particular on the moving events consisting of a
changing spatial expansion at each moment of time (SEQs).

Investigating dynamic phenomena aims to detect location-based events that appear over time
and detect temporal and spatial information as well as reasons of events. Spatio-temporal events
and their pattern behavior represent a higher level of knowledge in comparison to changes. Thus,
events are very valuable for decision making. Additionally, pattern behaviors can be irregular and
very complex. However, visualization and visual analysis supports further investigations of events
(Krisp et al. 2012). In space-time crime analysis the term near-repeats is used, defining events
that are close in both space and time. Near-repeats had been a topic of much research (Bowers
& Johnson 2004; Johnson et al. 2007; Short et al. 2009). Besides, Andrienko et al. (2011a) intro-
duced the term situation to describe the composition of object configuration, spatial distribution of
attribute values and values of time-specific thematic attributes in a given time interval. Usually the
semantic information (or semantic attributes) in movement data are rather poor. These attributes
can be obtained by calculating means of exploratory analysis while using background knowledge
and common senses (Andrienko et al. 2011b).

In literature there exist various terms for the semantic and geometrical object description such as
attributes, features or properties. In this thesis the terms semantic attributes and geometrical
attributes are used. The movement of objects implicate multiple aspects, such as the resulting
trajectory, movement characteristics itself, such as speed and direction and their dynamics over
time (Andrienko et al. 2008b). A trajectory is defined as the path that a moving object follows
through space as a function of time. In case of dynamic SEOs the geometrical form of the path is
a lane instead of a line. We can also distinguish so-called ‘Quasi-continuous movement trajecto-
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ries’ which can be described as movement data with fine temporal resolutions allowing an estima-
tion of the continuous paths by means of interpolation and/or map matching. Trajectories of
moving objects are complex spatio-temporal constructs and the investigation of multiple and
multidimensional trajectories is a challenging task (Rinzivillo et al. 2008).

A spatio-temporal phenomenon consists of one or more changing objects. The object changes
geometrically or semantically during the course of time. In a formal modeling of movements,
space and time are treated as mathematical abstractions. In reality, however, analysts are con-
fronted with physical space and time. Andrienko et al. (2011a) underline the heterogeneity of the
physical space and time as the main difference from their mathematical abstractions. As an
example for such a heterogeneity the authors mentioned the variation of properties from position
to position or in other words that every physical or geographical location has some degree of
uniqueness relative to others. Furthermore, the movement analysis may be impeded by very
complex dynamic data or data properties, for instance, a very large amount of data; multiple
nested and overlapping temporal cycles; inaccurate and imperfect data values or irregular data
samplings.

2.2. Spatio-temporal modeling of dynamic phenomena

The geographic dynamics modeling is driven by the requirements for visualization and analysis.
Its fundamentals in spatio-temporal modeling were set in the late 80ties and 90ties. A conceptual
framework of the three-domain model as illustrated in Figure 2-7 was introduced by Yuan (1996).
It combines the relationships between semantic, spatial and temporal domains.
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object-view layer-view

with/without time
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with/without time
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A
examples: examples:
research on ' | research on
fire behaviour/ — Spatialdomain -~ fire forecasting/
fire effects fire history

Figure 2-7: A conceptual framework of the three-domain model, based on Yuan (1996).

The dynamics of moving geographic entities, such as moving discrete point objects (e.g. persons,
vehicles) or SEPs (e.g. storms) can be described and represented by something commonly called
events. However, an object-oriented modeling of dynamic geographical entities only considers
relations between entities. In order to consider the impacts of event on dynamic entities, an
event-oriented modeling approach is needed to consider semantic relations of dynamic aspects
(e.g. changes of geographic entities, of their properties and relations caused by events). Howev-
er, while event-based models are conceptualized to analyze distinct changes in discrete or con-
tinuous spatial data, Wilcox et al. (2000) introduced a spatio-temporal graph model to support the
analysis of continuous changes in discrete spatial data, in particular for modeling dynamic and
interacting polygon objects.

In literature several event-oriented modeling approaches, such as an ontology relation approach
introduced by Martinez & Levachkine (2009) or a causal relation approach published by Huang et
al. (2007), were reported. Yuan & Hornsby (2007) provided an overview of the existing modeling
approaches for geographic dynamics. The authors distinguished between the following modeling



Theoretical background and the state of the art 24

approaches: time stamped-based, change-based, event-based, movement-based, activity-based
and process-based.

Yang et al. (2008) proposed a process taxonomy for spatio-temporal change patterns of dynamic
phenomena, as illustrated in Figure 2-8. These patterns are divided in thematic and geometrical
changes. The latter include the situation when a spatio-temporal object comes into existence,
changes in position and extension during its lifetime (e.g. expanding, contracting, merging, split-
ting, moving and transforming) and the state the object ceases to exist.

——  born
— no change
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—{ grow }7
4 merge
temporal

4 contract
Pattern Geometrical —{ shrink P
change split

normal

Spatio-

changed transform

die

Thematical
change
Figure 2-8: Taxonomies of spatio-temporal change patterns, after (Yang et al. 2008).

When presenting geographical objects in maps, the topological relationship of two objects can be
described by their proximity, connectivity, adjacency, membership and orientation. Dealing with
dynamic geographical data, in particular with events, we have to consider also the temporal
aspect in topological relationships. Allen (1983) introduced different temporal topological relation-
ships as illustrated in Figure 2-9. Considering also the inverse option for “before”, “meets”, “over-

lap”, “during”, “starts” and “end”, altogether 13 different temporal topological relationships are
possible.

RELATION SYMBOL Inverse X Y
Xequal Y = = =
I
X beforer < > —
; |
X meets Y m mi —
X overlaps Y o oi __
: i I
X during¥ d di —
; | |
X starts Y s si —
i I
XendsY e ei —

Figure 2-9: Temporal topological relationships, based on Allen (1983).

Claramunt & Jiang (2000) combined spatial relationships (SR) and temporal relationships (TR) as
illustrated in Figure 2-10.
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Figure 2-10: Visual presentation of spatio-temporal relationships in a 2-dimensional space, based on
Claramunt & Jiang (2000).

The spatio-temporal aggregation is necessary for an efficient visual investigation of the move-
ments of dynamic objects in a large humber and can be conducted in a database (Andrienko &
Andrienko 2010). Visual analysis approaches and queries based on a database system of mov-
ing objects was introduced by Giiting et al. (2000) and Sakr et al. (2011).

2.3.

The mapping of dynamic phenomena in cartography exists for a long time. Temporal information
as well as movement information can be found in many static maps. The “Emigrant's Map and
Guide for Routes to North America”, created by Gotthelf Zimmermann in 1853 is just one of the
examples. This map reflects the importance of German immigration to North America in the mid-
19" century (see Figure 2-11). Emigration origins and destinations are shown via red dots. Emi-
gration trajectories over the Atlantic Ocean are drawn in dotted brown lines, the main overland
emigration trajectories are presented through red lines, except people travelled along shipping
routes. In fact, the overland trajectories are derived from the aggregated routes of all emigrants.
This generalization happened in the cartographer’'s mind. Nowadays modern technology enables
automatic data collection of such routes, which then can be aggregated using digital cartographic
methods.

Cartographic representations of dynamic phenomena
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Figure 2-11: A historical map (extract) showing movement: Emigrant's Routes to North America, by
Gotthelf Zimmermann (1853), source: http://www.wdl.org/.

An even more explicit representation of dynamics is shown in an historical map (Figure 2-12) with
a flow map about Napoleon’s Invasion of Russia 1812-1813 published in 1869 by Charles Mi-
nard, a French civil engineer and one of the pioneers in the field of information graphics. This
map demonstrates the geodata aggregation and the use of visualization as catalyst for
knowledge management. It contains, in addition to geographic information about the invasion
area, spatio-temporal information about Napoleon’s troops including their locations, movement
direction, successive losses in men and important events such as river crossings and major
battles. The width of the troop flow represents the army size. The flow lane shown in fawn illus-
trates the offensive toward Moscow and the one in black the retreat. Furthermore, on certain
locations text labels provide explicit information about the troop size as well as the respective
date (days) and the local temperature. This enables the map reader to extract spatio-temporal
information and at the same time to reason for sudden changes, such as the strong decrease of
the troop (ca. 50%) during the crossing of the Berezina river on the retreat at a temperature of 20
degrees below zero.


http://en.wikipedia.org/wiki/Battle_of_Berezina
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Figure 2-12: A historical map.

Visualizing spatio-temporal data is a complex process, wherein the following aspects have to be
considered: Temporal information implicates the fourth dimension of spatial data. Temporal
aspects are crucial for the modeling of dynamic processes, including planning or future prediction.
We distinguish between a certain moment of time and a time period. Time information is associ-
ated with the change of spatial data components, such as geometry, attributes or relations (Cerba
& Brasnova). Furthermore, time information holds certain accuracy, depending on the time meas-
urement method and on the needed temporal scale (century/year, month, day, minute, second,
millisecond/weekday/season, etc.). Thus, time information can be abstracted or generalized (e.g.
“Spring 2013” rather than “2013-April-12"-10:51:59.5126pm”"). The integration of time in carto-
graphic representations depends on the map purpose as well as the source data and application.
Important questions this work tries to answer are what kind of temporal information of dynamic
SEOs is needed to be visualized and how to represent it. Wood & Keller (1996) identified five
different groups of time information on maps and distinguished cartographic solutions for point-,
line- and polygon symbols:

1. Moments: dates of events (text, e.g. “2007”)
Duration: continuance of an occurrence in space (text, e.g. “15 — 29 Dec”)

3. Order/Structured time: space is organized by time, representing sequence and frequency
of events (e.g. space division in different time zones)

4. Time as distance: spatial distance between two objects represents their temporal differ-
ence

5. Space as clock: spatial information is related to time information (e.g. visualized snow-
covered areas indicates winter time)

In the following, we try to classify maps and visualization methods of dynamic phenomena. Con-
cerning time information in spatial data, Kraak & MacEachren (1994) differentiated ‘non-temporal
maps‘ and ‘temporal maps’ (also called ‘spatio-temporal’ maps). The authors argued that non-
temporal maps describe states or evidences and thus treat time implicitly and provide no infor-
mation about change. Whereas temporal maps explicitly portray temporal aspects of geographic
phenomena while visually describing events or episodes. Moreover, they defined a temporal map
as “a representation or abstraction of changes in geographical reality: a tool (that is visual, digital
or tactile) for presenting geographical information whose locational and/or attribute components
change over time”. Furthermore, Kraak & MacEachren (1994) discussed the terms ‘dynamic
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maps’, which refer to dynamic actions/effects on digital maps (e.g. symbols will blink, flash, bub-
ble, sparkle, throb, erupt, sink, explode, rotate or shake on screen) whereas the contrary is
termed as ‘static map’. Animations can be linked to spatio-temporal changes. Their main purpose
is to attract the map reader’s attention. The terms ‘animation’ and ‘dynamic actions’ occurred
frequently in cartography-related literature about 10 to 15 years ago. Nowadays these terms can
be seen as an integral part of interactive dynamic maps. Both static and dynamic maps might
occur as a single map or in map series (multiple map) as explained in (Monmonier 1990). ‘Ani-
mated maps’ refer to a series of static maps which are displayed one after another on screen at a
rate of more than 24 frames a second (Kraak & Ormeling 2011).

The afore-mentioned actions on dynamic maps are also called animations in some references.
Whereas the notation ‘dynamic maps’ refers sometimes to ‘interactive maps’ which imply the
interactive operations, such as pan, zoom and rotate. In this thesis the term ‘animation’ refers to
spatio-temporal symbol changes and is different from dynamic effects. Figure 2-13 illustrates a
prevailing nutshell of the temporal map types suitable for movement data. Moreover, Monmonier
(1990) proposed three different strategies for representing spatio-temporal data on static maps:
dance maps, change maps and chess maps. Dance maps illustrate multiple time states on a
single static map and are easy to read. Change maps show the change of an attribute between
two time periods on a single static map. Chess maps display multiple time states. However,
chess maps require a large mental work of the map reader while visually switching between
multiple map parts in order to reveal the changes (e.g. geographic changes in position, extension
or existence).
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Figure 2-13: A nutshell of different temporal map types for spatio-temporal data.

Not only cartographical displays, but also maplike or non-cartographic displays (e.g. PCPs, e.g.
cartograms) may be used to visually describe movement information. Now, let’'s have a closer
look at cartographic methods for single and static temporal maps (in 2D) emphasizing temporal
information in spatial data. Movement information and thus temporal aspects can be visualized
trough a single value (e.g. speed change) represented through map symbols or labels (Cerba &
Brasnova 2012). Two (or more) diagram symbols enable comparison of the different temporal
stages as shown in Figure 2-14. Furthermore, point symbols, polygon areas or line widths can be
distorted based on their associated temporal values — this technique is called temporal carto-
gram. The polygon sizes change with the temporal values.
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Figure 2-14: Piechart symbols for two different moments of time,
source: www.gitta.info.

Other techniques include the use of arrows or flow maps as well as contour lines/intervals which
can indicate the position- or extension change of a dynamic phenomenon at a specific time or
during a certain time interval. An example is illustrated in Figure 2-15, wherein brown arrows
indicate the movement of the plaque while contour intervals indicate extension of the plaque
during the time period from 1347 to 1350. Furthermore, at certain locations (cities) the year of the
most terrible plaque events are shown. Instead of using a time stamp as variable for isosurfaces
(as in the given example below), the travel time could be used as well, resulting in so-called

isochronic maps. Thereby, physical space is held constant and time is transformed (Vasiliev
1997).

Die Ausbreitung der Pest 7 5’—“ & ] <= Zug der Pest
1347-1350 ’ O o _\ Ausbreitung der Pest:
=5 ¥ Q\] 7] 1346
2ol TN O | 1347
Wi N 25 || 1348

o [ 1349
/&%, Ende der Pest
74 p/\j 1ssze J (S| 1350

| | nach 1350
geringe oder keine
Sterblichkeit durch
die Pest

— Reichsgrenze

Figure 2-15: Spreading of the plaque in Europe, 1347 — 1350, source: www.von-scheidt.de.

In addition to the moving direction arrow, movement can be represented also through a tail-like
visualization: the tail is defined as the last small part of the trajectory which the moving object just
passed through during the most recent past. Many existing research works on the visualization of
dynamic data are concentrated on trajectories representing moving point objects on two or three-
dimensional displays (Eccles et al. 2008). Some other approaches deal with the aggregation of
trajectory lines. The aggregations can be based on spatial, temporal, spatio-temporal or semantic
attributes. In Figure 2-16 four different examples for the representation of aggregated episodic
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movement data are illustrated. In A and B time series are associated with places and in C and D
spatial situations in terms of presence (C) and flows (D) are shown.

N visitors by time intervals 2 N moves by time intervals
1335 | 2120

(A,

/ o /
Figure 2-16: Representations of aggregated movement data. (A, B) Time series associated with

places (A) and links (B). (C, D) Spatial situations in terms of presence (C) and flows (D), source:
Andrienko et al. (2012).

The kernel density estimation (KDE) is one of the most common aggregation methods, for trajec-
tory points (Dykes & Mountain 2003) or trajectory lines in 2D (Willems et al. 2009) or in 3D
(Demsar & Virrantaus 2010). It can be noted that there is a manageable number of methods for
single static maps dealing with movement. However, these methods can hardly handle location-
and movement information over time. In the following, some key approaches beyond the single
static maps are listed, which help to improve the visual insight into movement information of
dynamic geographic objects:

e Dynamic map features (symbol actions, such as blinking or shaking)

e Map series or animations (e.g. by using a time slider)

e Interactive map use (e.g. pan, zoom, rotate, select and show attribute information)
e Interactive temporal legend (e.g. cyclical or bar legend)

e Tangible user interfaces: integration of physical and digital representation of reality with
dynamic user interaction (Ratti et al. 2004)

e Temporal extrusion: time as z-axis (STC)

e Combination of maps with (synchronized) maplike or non-cartographic displays (tables,
diagrams, etc.)

e Fly-throughs, e.g. along a trajectory with correlated sequence pace and movement
speed)

When visually representing spatio-temporal phenomena, a static map might be the best choice
for some tasks, whereas a dynamic map could be more appropriate for other tasks. A combina-
tion of a static map with superimposed dynamic symbol actions would be a third option and rele-
vant for certain tasks. A static map representation is often chosen in order to provide a holistic
view of the entire time period at once, whereas dynamic maps (symbol actions) are used to focus
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the map user’s attention on a specific moving or changing object. Further important aspects for
the use of dynamic maps can be temporal legend, temporal scale/granularity and pace. Repre-
sentations of dynamic phenomena in maps (points, trajectories, SEOs) have certain graph-
ic/visual variables which were first introduced by Bertin (1983) and consist of form, color, texture,
luminance, size, orientation, sharpness, transparency and saturation as illustrated in Figure 2-17
with their use for emphasizing qualitative and/or quantitative differences.
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Figure 2-17: Bertin’s visual variables, source: makingmaps.net.

Furthermore, point objects can be represented through certain symbols (e.g. a symbol showing a
post horn represents a post office). Considering the dynamics in animated maps, Kébben &
Yaman (1996) defined six visual variables, introduced by (MacEachren 1995) as “dynamic visual
variables”:

e Display date (moment of display): the time at which some display change

e Order: the sequence of frames or scenes (a scene is a number of sequential frames with
no changes)

e Duration: the length of time between two identifiable states
e Frequency: the number of identifiable states per time interval

o Rate of change: the difference in magnitude of change per time interval for each of a se-
guence of frames or scenes

e Synchronization: the temporal correspondence of two or more time series

MacEachren (1995) indicated a capability (good, marginal, poor) of each visual variable (static
and dynamic ones) for different data levels (nominal, ordinal or interval/ratio data). Moreover, he
assigned the appropriateness of the visual variables to distinguish visual levels and to isolate
data visually. Certain visual variables of an object (e.g. color, size) could be linked to movement
information, such as speed. Dukaczewski (2007) investigated the combination of static and dy-
namic visual variables and their usage for points, lines and areas.

In the following section we will shift our focus from ‘simple’ representation methods towards visual
analysis of movement data.



Theoretical background and the state of the art 32

2.4. Movement analysis and visual exploration of dynamics

Movement analysis aims to understand the spatio-temporal dynamics of events and processes, to
identify movement patterns and investigate behaviors of moving objects. Both the visual analysis
and non-visual analysis are involved. The visual analysis is conducted in different, partly overlap-
ping research fields such as geographic information science, cartography and visual analytics.
The latter field also includes information visualization, whereas the non-visual analysis necessi-
tates methods and techniques from mobility analysis, spatio-temporal data mining, spatio-
temporal database technologies, knowledge discovery, spatial statistics and time geography.
Visual and non-visual analyses benefit from each other because they serve each other as a
supporting means. Results of non-visual analyses can be visually presented and explored. Visual
analyses help users to focus on specific parts of dataset. Some fundamental approaches for the
representation and visual analysis of temporal dynamics of geographic information were reported
in Andrienko et al. (2011a); Andrienko & Andrienko (2013); Andrienko et al. (2003); Blok (2000);
Peuquet (1994a, 2002).

Movement analysis approaches differ from each other, depending on the type of movement, on
the type of moving objects and on the analysis purpose. Andrienko & Andrienko (2007) identified
four factors influencing movement behavior of dynamic entities: space, time, object activity and
the context with further spatio-temporal phenomena such as traffic or weather). The focus of the
movement analysis can be laid on one of the three questions: what (a given object, a set of ob-
jects), where (a location, a set of locations occupied by a given object or a set of objects) or when
(times that a given object or a set of objects occupy). Thereby, ‘what’ depends on ‘when’ and
‘where’; ‘what’ and ‘when’ will define where; and ‘when’ will result from ‘when’ and ‘where’
(Peuquet 1994b).

Movement analysis tasks can also deal with a certain question (analysis task) related to a single
moving object, a set of dynamic objects or the entire phenomenon. Furthermore, analysis tasks
for dynamic data can rely on the types of changes occurring over time, such as existential chang-
es as appearance and disappearance or changes in certain spatial or temporal properties (Blok
2000). Moving objects show various behaviors during their moving phase. Determining, analyzing
and representing such movement behavior are important aspects within this work. In general
movement behavior refers to changes of movement attributes (e.g. speed, movement direction)
or to changes of other object attributes during or due to its movement. Andrienko & Andrienko
(2007) distinguished between momentary collective behavior (behavior of a collective of entities
at a certain moment of time) and dynamic collective behavior (for a certain time period). The
movement behavior can be observed for an individual moving object, a group of objects or all
objects at a certain moment of time or at a certain time interval (also during the entire lifetime of
an moving object).

Peuquet’'s model could be extended to accommodate ‘what’. Instead of only considering dynamic
objects, the following could be added: object properties; the behavior of objects; the behavior of
dynamic phenomena; the context such as interactions/relations between objects or with other
objects and the environment. Many existing approaches for movement analysis address specific
tasks such as spatio-temporal land use change detections. Robertson et al. (2007) suggested to
categorize existing approaches based on their respective lineages and put forward some more
general approaches suitable for a wider range of applications within spatio-temporal polygon
change analyses. The authors introduced various ideas summarizes as “STAMP” (spatial—
temporal analysis of moving polygons): These include five new movement events suitable for
defining spatial processes: displacement, convergence, divergence, fragmentation and concen-
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tration. Furthermore, they introduced spatial-temporal measures of events for size and direction
for two or more time periods.

2.4.1. Visual exploration of dynamic data in general

The starting point for any kind of visual analysis of movement data is provided by the existing
graphic representations such as static maps, animations, multiple displays etc. The visual analy-
sis is essentially triggered by human organs for visual perception and cognition with or without an
interactive interface. One of the pioneers for visualization of geographic spatial-temporal data is
Mark Monmonier who introduced a conceptual framework for time-series maps and graphs
(Monmonier 1990). He divided principal tools into (1) multiple views, (2) time and space scaling,
(3) interaction with the data and display and (4) integration of maps and time-series graphics.
Furthermore, Monmonier distinguished between single and multiple, static and dynamic maps
and graphs with or without user interactions. He provided an overview about existing solutions
such as time series graphs, data arrays, cartographic cross-classification arrays (Small multiple
maps), temporal glyphs/symbols, quadratic polynomial trend surfaces, flow-linkage diagrams and
change maps.

Foundations in geo-spatial and temporal visual analytics were discussed in (Andrienko et al.
2010; Andrienko et al. 2008a; Andrienko et al. 2007a; Andrienko et al. 2011c; Andrienko &
Andrienko 2006, 2012) and (Keim et al. 2008). The principal task for visual analysis of dynamic
data is to provide interactive multidimensional multivariate visual exploration tools. Such tasks or
visual solutions include among others:
- Time-dependent visualization:

o Draw objects which occur at a selected moment of time

o Draw objects which occur during a selected time interval
- Space-dependent visualization:

o Draw objects which occur within a selected region
- Spatio-temporal visualization:

o Draw objects which occur within a selected region at/during a certain time

o Visualize objects at different scales and for 3D-displays: from different perspectives
- Determine, visualize and visually analyze trajectories

- Aggregate moving objects, trajectories, segments of trajectories or attributes of ob-
jects/trajectories:

o Spatial aggregation, temporal aggregation, spatio-temporal aggregation (first spatial
then temporal aggregation or vise verse)

Visualize object attributes (speed, moving direction, etc.)
Highlight unigue movement situations, for example location where trajectories merge/split

Visual analysis tasks, methods and solutions differ for different types of movement data. Mostly
movement data are tracked point objects, but dynamic geographic objects include also moving
fields and spatio-temporal evolving polygons. Table 2-1 demonstrates four visualization tech-
niques for non-aggregated movement or event data (point data). It shows a part of the original
table suggested by Andrienko et al. (2011a). The table provides information about the respective
visualization methods (e.g. map, time graph, temporal bar chart) schematized by a pictograph
respectively and information to be visualized (e.g. spatial position, temporal position, semantic
attributes).
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(Andrienko et al. 2011a).

Table 2-1: Methods for visualization of detailed (not aggregated) movement or event data, from

What is portrayed

Visualization technique description

Pictograph

Spatial positions of
objects (+ thematic
attributes)

Map:

spatial positions (S) — positions on the map;
objects (O) — geometries on the map;
thematic attributes (A) — retinal properties

T O+A
S

Temporal positions
of objects (+
thematic attributes)

Time graph:
temporal positions (T) — positions on the time axis;
thematic attributes (A) — positions on the attribute

D

axis; T
objects (O) — points or lines
Temporal positions | Temporal bar chart:
of objects (+ objects (O) — positions on the object axis; o A
thematic attributes) | temporal positions (T) — positions on the time axis;
thematic attributes (A) — retinal properties T
Spatial and temporal | Map sequence: 0+A
positions of objects | temporal positions (T) — positions in the sequence;
(+ thematic spatial positions (S) — positions on the map;
attributes) objects (O) — geometries on the map; S
thematic attributes (A) — retinal properties —T"

Table 2-2 demonstrates another part of Andrienko’s work (2011a) with a number of visualization
methods for aggregated movement and event data as well as an overview about movement
analysis tasks together with the respective supporting visualization technique.

Table 2-2: Analysis tasks and respective supporting techniques, from (Andrienko et al. 2011a).

Analysis Target Visualization Aggregation Computation
focus characteristics or
relations

Spatial Spatial positions; O+A S—A C(0IS);
objects thematic attributes; B C(O|SxA)

spatial relations IS

R(Ox0)

Temporal | Temporal positions; Al o ol a T—A C(O|T);
objects thematic attributes; C(O|TxA)

t 1 relati 7

cmporal relations T T R(OXO)
Spatio- Spatio-temporal O+A S—(T—-A); C(O|SxT);
temporal | positions; thematic T—(S—A) C(O|SxTxA)
objects attributes; spatio- s 1| O*A

temporal relations R(0x0)

T S
04T 5| 0+A
S T

Movers Spatial aspect of the TrO)+A C(T1|S);

trajectories; :fz/ C(Tr|SxA)

thematic attributes; s

spatial relations R(Ox0)

Current research in geovisualization of dynamics includes theories, computational approaches as
well as visual and interactive methods. Andrienko et al. (2008a) provided an overview about the
respective research activities as illustrated in Figure 2-18. The approaches cover one or several
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of the four parts (theory, computing, visualization, interaction) while focusing on data, summaries,
patterns and/or knowledge.

Methods
A
// \
Theory Computing Visualization Interaction
Data Types; Derived attributes, WisrzliE e Querying,
structures;  smoothing, of individual focusing,
properties; mte_rpo!atlon, data items selecting, ...
relations projection, ...
Summaries Types; Derivation of Visualization Drilli_ng down,
properties discrete aggregates, of summaries dynalmc_ re-
fields, flows, aggtreganon,
summaries, ... querying, ...
Patterns Types; Extraction of Visualization Filtering,
structures: proto-pattems of proto- arranging,
semantics; ~ (data mining) patterns combining, ...
perception
Knowledge Cognition; Presentation of Support for
Teasoning analysis results knowledge
externalization

and reasoning

Task-effectiveness; Task-effectiveness; Task-
validity; efficiency; perceptual & effectiveness;
sensitivity; cognitive plau- usability;
scalability sibility; efficiency  efficiency
AN J

~
Evaluation of methods

Figure 2-18: Geovisualization of dynamics - research topics based on Andrienko et al. (2008a).

2.4.2. Visual exploration of discrete dynamic objects (points)

In recent years numerous approaches for the visual analysis/analytics of dynamic point objects
were published. Discrete dynamic points can be distinguished between points that change their
spatial position in time and events (points with a certain spatial position which occur at a specific
moment of time/during a particular time interval). Moreira et al. (1999) also distinguished between
objects that have a completely free trajectory (e.g. flying bird) and objects that have a constrained
trajectory (e.g. trains moving on railway network). Moreover, points whose attributes change in
time sometimes are called dynamic objects as well. (Andrienko & Andrienko 2013) provided a
structured survey of the state of the art in visual analytics concerning the analysis of moving point
objects. The authors divided relevant works into four categories: a) Looking at whole trajectories;
b) Looking inside trajectories; c) Bird's-eye view on movement; and d) Investigating movement in
context. Table 2-3 lists only some examples for visual exploration approaches for dynamic point
data.
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Table 2-3: Visual exploration approaches for dynamic point data (selected examples).

Visualization technique Reference

STC Gatalsky et al. (2004)
Trajectory wall display (Tominski et al. 2012)
Aggregated trajectories Liu et al. (2011)
Multiple Origin-Destination map Wood et al. (2010)
Trajectory Contingency Table Willems et al. (2009)
Treemaps Johnson & Shneiderman (1991)
Flowstrates Boyandin et al. (2011)
Variable Binned Scatter Plots Hao et al. (2010)
Small multiple maps Guo et al. (2006)
PCP Guo et al. (2006)
Self-organized maps Guo et al. (2006)

Furthermore, Andrienko et al. (2011a) suggested a taxonomy of generic techniques and a sys-
tematic classification of existing approaches for visually analyzing movement. Thereby, the au-
thors considered mainly events and spatial objects.

2.4.3. Visual exploration of dynamic fields

Dynamic fields, characterized by changing attributes (e.g. temperature, wind speed) on a static
polygon, haven’t been yet addressed much in visual analysis research. Existing approaches are
mostly application-specific. Hollt et al. (2014), for example, introduced an interactive visual analy-
sis tool of sea surface height simulations, commonly used in ocean forecasting. Thereby, the sea
surface heights are visualized either in 2d or 3d in differently colored contour intervals on top of a
base map. Additional graphs, diagrams and a 3D volumetric cursor provide further statistical
information. Mitas et al. (1997) suggested to use cartographic animations for the static represen-
tation and simulation of landscape processes (e.g. erosion, deposition). Interactive, dynamic and
animated 2D and 3D maps with adapted symbolizations were suggested for various phenomena,
such as precipitation, soil horizon, soil texture as well as chemical concentrations below ground
and in water. An example is illustrated in Figure 2-19. Mitas et al. concluded that visualization
plays a crucial role in understanding landscape processes.

Soil Texture:
Fesand

B silt
B %clay

particle size:
<2.000mm

.40.05)mm
<0.002mm _
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2.4.4. Visual exploration of dynamic “polygons”

SEOs are regarded in this work as dynamic phenomena delimited by a certain spatial extension
which changes in time. In geometrical terms, each of these objects covers a certain area in 2D
space, a certain volume in 3D space, in a specific moment of time/during a certain time interval.
The object’'s area (volume) increases or decreases with time. Dynamic collectives, such as
crowds, herds and swarms can also be analyzed as dynamic polygons. In that case, the focus is
not on the trajectory of each individual point, but the dynamics of the group as an entity. Some
general theories for movement pattern analysis of dynamic collectives were provided by Galton
(2005) and Huang et al. (2008). Thereby Galton (2005) introduced a formal theory of dynamic
collectives; and Huang et al. (2008) investigated quantitative and qualitative changes of herds
during their evolvements.

Clouds or lightning clusters are typical examples for SEOs with movement. Existing approaches
for visual analysis of dynamic SEOs are rare and mostly application-driven. Turdukulov et al.
(2007), for instance, reported a solution for interactive visual exploration of spatio-temporal cloud
cell data using a STC. They considered clouds as being composed of points. Different from their
approach, this thesis aims to provide generic concepts and solutions for the visual analysis of
dynamic SEOs and to justify the general solutions for a tangible application scenario of moving
lightning clusters. Some previous publications of the author dedicated to the visual analysis of
lightning clusters have laid down the foundation for this thesis (Peters et al. 2014; Peters & Meng
2013). In case a dynamic SEO is based on moving points or events, changes of the internal
structure within the spatial extension are of particular interest. During movement of the SEO,
point distribution and density might change. As spatio-temporal density mapping (STDmapping)
forms an important component of this thesis, in the following section we will introduce the existing
density map approaches for static and dynamic point data.

2.5. Density maps for static and dynamic points

This section is based on (Peters & Meng 2014a, b), summarizing existing density mapping ap-
proaches for static and dynamic points.

In today’s society, the need for data abstraction along with the growing amount of available digital
geodata is rapidly increasing. One reasonable way of abstracting data is provided by density
maps (Mackaness et al. 2007). Visualizing density and distribution information is a key support for
understanding spatio-temporal phenomena represented by point data. However, the temporal
information is not yet adequately handled in existing density map approaches. Density maps can
be applied for point data in various fields, for instance, in physical or human geography, geology,
medicine, economy or biology (Romanenko et al. 2012; Stoilova-McPhie et al. 2002). How to
present the density for dynamic data/phenomena is, however, not yet adequately addressed.

One of the most straight forward ways to visualize point density is a scatter plot or a dot map.
Graphic variables for point symbols, such as size, shape, color and transparency, can be applied
in relation with the attribute value. In order to discern the density distribution, these graphic varia-
bles can be iteratively adapted to the given map scale, but still the occlusion of neighboring points
cannot be always desirably avoided. The density value of each point can be obtained by counting
all points within a buffer around the point or within a grid cell the point is located in. In the follow-
ing, the density estimation and map principles are shortly presented and the state of the art of
density maps with static or dynamic data is given.

A. Kernel Density Estimation (KDE)

The KDE is a classic method widely used to determine densities of individual points that repre-
sent a continuous surface (Tukey 1977). The KDE approach is described in detail in (Cressie
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1992; Silverman 1986; Tukey 1977). The standard KDE, a normal distribution function, uses a
Gaussian kernel. A certain bandwidth (search radius) is defined for the kernels, located around
each point. For each cell of an underlying grid (defined by a certain resolution) a density value is
calculated as shown in Equation 1 and hence a smooth surface is provided (Scott 2009).

Equation 1:
- 1 X=X, 1 1
f(x)= K(u) Whereby y=—""1 and g ()= .exol — = u?
h() Nh; () h G(u) \/Z eXp 2U
with: £, (x) = general Kernel density function

K = Kernel function

Kg = standard Gaussian function

h = smoothing parameter (bandwidth)

X = point (x,y) for which the density will be estimated

X1, Xa, ..., Xy = sample points, placed within the kernel radius h

The resulting density surface is strongly influences by the bandwidth value (O'Sullivan & Unwin
2003). A formula for an optimal bandwidth is offered by Silverman (1986) as shown in the follow-
ing equation.

Equation 2:

1

bw_optimal =1.06 = min(’/var(P), IQ1R3(4P)j *n S

with: bw_optimal = optimal bandwidth

P = point dataset (coordinates)

IQR(P) = interquartile range (distance 1% - 3" quartile)
var(P) = variance of P

n = number of points

The KDE principle is illustrated in Figure 2-20-a,b,c with a sample dataset and the resulting KDE
contour map with two different bandwidths in Figure 2-20-d,e,f. Beside a Gaussian kernel, also
other kernel types can be applied, such as Triangular, Biweight, Epanechnikov or Uniform kernel
(Silverman 1986).

a) Pixel density value (in this example)
depends on four sample points

whose kernels cover the example pixel
c) Added up overlapping

b) Gaussian kernel kernel hights (2D example)

over sample point

I

d) Sample dataset e) KDE map f) KDE map with larger bandwidth
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R
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Figure 2-20: KDE principle. Source for a) and b): www.geography.hunter.cuny.edu.
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Kernel density estimates have been used for cluster detection in various fields, such as crime and
population analysis. Kwan (2003) uses geovisualization of activity patterns in space—time and
displays the results as a continuous density surface. She applies the density estimation as a
method of geovisualization to find patterns in human activities related to other social attributes.
Assent et al. (2007), Krisp & Spatenkova (2010) and Maciejewski et al. (2010) investigate the
classic KDE and define it as a visual clustering method. In these works, KDE maps were created
in order to visually provide a better overview and insight into the given data.

B. Contour lines and intervals

A common technique to map point densities calculated using KDE are isopleth maps with filled
contour intervals. The term “isopleth map” refers to one of two types of isoline maps (also called
isarithmic or contour maps). In the first type of isoline maps each contour line indicates a constant
rate or ratio derived from the values of a buffer zone or kernel area. In this sense, the continuous
density surface is derived from an originally discrete surface. In the other type of isoline maps
(commonly referred to “isometric map”), contour lines (isometers) are drawn through points with
directly measurable equal value or intensity such as terrain height or temperature (Schmid &
MacCannell 1955). It is assumed that the data collected for enumeration units are part of a
smooth, inherently continuous phenomenon (Slocum et al. 2009). In our context, we only use
contour lines to delimit the intervals (the areas between contour lines) as exemplary shown in
Figure 2-20-b,c. Furthermore, Langford & Unwin (1994) provided a good overview of density
surfaces used in Geographic Information Systems (GIS) as choropleth population density maps,
population density on grids, population density surfaces and pseudo-3D population density sur-
faces. In several works as (Romanenko et al. 2012; Stoilova-McPhie et al. 2002), the KDE con-
cept is adapted for the 3D space density mapping of static 3D data.

C. Dynamic data and density information

In the following sections, an overview is given about existing works related to density maps of
dynamic points.

1) KDE for dynamic points: sequence of density surfaces

A straightforward way of visualizing the density of dynamic points would be a sequence of density
surfaces (one per time interval). The change of the density in time could be better discernable by
means of an animation of these density maps. We could also arrange the local density contours
of each time interval on the same map. Transparency and a unique color scheme for each time
interval could be applied in order to distinguish different density contours. However, the tinted
intervals may spatially overlap and make the map reading a difficult endeavor.

2) Dual KDE

Jansenberger & Staufer-Steinnocher (2004) analyzed two different point datasets recorded within
the same area, but at two different moments of time. The authors suggest a Dual-KDE approach,
which results in a map illustrating the spatiotemporal density difference of the two datasets. The
absolute difference is used, that is, the absolute density of the second point dataset subtracted
from that of the first one.

3) DKDE

The approach called directed kernel density estimation (DKDE) that takes the dynamics of mov-
ing points inside density maps into account was suggested in previous works (Krisp & Peters
2011; Krisp et al. 2013; Krisp et al. 2009; Krisp et al. 2011; Peters & Krisp 2010). The DKDE is
applicable for discrete moving points and it considers two moments of time. Instead of an upright
kernel as in the KDE method, a tilted kernel is used, as illustrated in Figure 2-21. The tilt depends
on the movement direction vector of the respective point. The resulting DKDE-map shows the so-
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called “ripples”, which can be interpreted as an indicator for the movement direction and density
change of points that are located closely to each other with very similar movement speeds and
directions. These ripples are visible among overlapped contour lines. The tinted contour intervals
do not contain the information about movement or density change. Peters & Krisp (2010), for
instance, used 2D airplane positions in the area of Germany at two moments of time with a time
lag of five minutes. The resulting DKDE-map is shown in Figure 2-22.
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Figure 2-21: Linear kernel (left) and Directed linear kernel taking point speed and movement direc-
tion into account (right), source: Peters & Krisp (2010).
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Figure 2-22: Airplane positions at two moments of time (left) and the resulting DKDE-map (right),
source: Peters & Krisp (2010).

4) 3D density map using STC

Nakaya & Yano (2010) suggested a method using a STC to visually explore the spatio-temporal
density distribution of crime data in an interactive 3D GIS. Thereby the author adapted the KDE
by using space-time variants and scan statistics. In order to investigate the dynamics and density
change, an interactive use within a 3D environment is essential.

Figure 2-23: Density visualization of crime events in a STC, source: Nakaya and Yano (2013).
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5) KDE for trajectories

In a comprehensive review of the existing visual analytical approaches (Andrienko & Andrienko
2013), methods, tools and concepts for moving objects were introduced. A section is dedicated to
continuous density surfaces (fields) derived from trajectories or from point-related attributes.
Density maps of moving objects were created on the basis of aggregated points of trajectories. A
trajectory is understood as a function of time or a path left by a moving object in space. Moving
objects can be confined within a network (such as cars along streets of a traffic network) or float
freely over a region (boats) or in space (airplanes). Spatio-temporal density maps of trajectories
were investigated in (Demsar & Virrantaus 2010; Lampe & Hauser 2011; Scheepens et al. 2011a;
Willems et al. 2009). In these approaches, the KDE method is adapted to trajectories as a func-
tion of changing velocity and direction. Willems et al. (2009), for example, built his kernels assum-
ing constant speeds. Other approaches assume constant acceleration. The resulting density
maps can reveal simultaneously large-scope patterns and fine features of the trajectories. An
example of aggregated vessel trajectories is given in Figure 2-24.

Figure 2-24: Aggregated vessel trajectories, left: Multi-scale density with continuous color mapping,
right: Density with discrete color mapping; source: Willems et al. (2009).

This mapping idea was extended to the 3D space in (Demsar & Virrantaus 2010) where the
trajectory densities are visualized inside a STC. Another possibility of displaying density infor-
mation of trajectories is to use derived discrete grid cells, whereby each cell color refers to the
amount of trajectories passing through the cell (Forer & Huisman 2000). In the existing 2D density
maps based on KDE, the time is either frozen on a certain moment or confined within a certain
time interval. Consequently, the resulting contour lines do not carry information of temporal
changes. Although various approaches for density visualization of trajectories have been investi-
gated, an appropriate method for 2D density maps of moving point clouds is still missing. Wheth-
er the dynamics of SEPs - represented by points — can be adequately expressed in a single
contour map remains an open question. To tackle this question, we develop an approach termed
as spatio-temporal density mapping which will be explained in Chapter 4. Beside internal struc-
ture changes of SEOs, another component of this thesis forms the exploration of similarities of
different trajectories of SEOs. In the following section we will emphasis on the state of the art of
similarity measurement and visualization for trajectories.

2.6. Trajectory similarity measurement and visualization

Similarity measure of trajectories is a crucial part for the investigation of object movements.
Trajectories might be defined (to a certain degree) as similar if they:

e Fully or partly coincide in space or/and time
e Have similar average speed or movement direction

e Have similar spatial lengths
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e Have similar shapes
e Have common starts and/or ends

¢ Have similar dynamic behaviors such as route motions (curve characteristics), speed
changes or acceleration changes

“It depends on the application and goals of analysis which of these respects are relevant. There-
fore, it is useful to have a clustering tool allowing the analyst to choose an appropriate similarity
measure (also called distance function) from a number of alternatives” (Andrienko et al. 2007b).
An example for an algorithm of such “route similarity” distance function is provided by Andrienko
et al. (2007b) which repeatedly scans two trajectories, searching for the closest pair of positions.
Trajectory similarities can be visually or statistically derived from clustering. In most cases, spa-
tially and/or temporally close trajectories are clustered and cluster-wise visualized and analyzed
(by applying a certain distance or time interval and defining a minimum number of trajectories per
cluster, e.g. 5). In other words, moving objects can be clustered based on the similarity of the
respective time series on the one hand, and, on the other hand, time intervals can be clustered
based on the similarity of the spatial situations. Thus, similarities in trajectory dynamics can be
already revealed, for instance through applying different symbols (e.g. color) to the resulting
clusters. Thereby entire trajectories and/or parts/compartments of trajectories could be clustered.
It may also be reasonable to group trajectories by spatial closeness of their starts and ends.

Trajectories or compartments could also be clustered by similarities of other attributes than spa-
tial location or time, such as spatial length, shape, duration, average speed, average moving
direction and route-behavior, their respective temporal variations could be then cluster-wise
analyzed (Andrienko & Andrienko 2013). Most existing approaches for spatial clustering of trajec-
tories include the use of the euclidean distance, which, however, is somewhat sensitive to noise.
Vlachos et al. (2002) introduced a computational approach for similarity measures of trajectories
in a two or three dimensional space. In their work, the authors developed a non-metric similarity
functions based on the Longest Common Subsequence (LCSS), which are very robust to noise
and can provide an intuitive notion of similarity between trajectories by giving more weight to
similar trajectory compartments. Furthermore, the authors mentioned the problem of comparing
trajectories of different lengths, which, however, was not considered in their computational ap-
proach.

A similar approach for distance function considering outliers and being robust against data imper-
fections - edit distance on real sequence (EDR) - was introduced in (Chen et al. 2005). Outliers
could also be defined as trajectories that remain un-clustered. As mentioned before, it really
depends on the given data, the application case, the similarity measure and the targeted trajecto-
ry similarity. Another common method for aggregating spatially close trajectories is density-
based; an approach valid for 2D trajectory lines was introduced by Willems et al. (2009) and for
lines in 3D space by DemsSar & Virrantaus (2010). Similar density-based approaches using line
bundling are introduced by Hurter et al. (2012) and with the extension of force-directed bundling
by Holten & Van Wijk (2009). Solutions (partly graph-based) for similarity search of trajectories
with restrictions on spatial networks (e.g. road networks) are provided, among others, in (Hwang
et al. 2005); Tiakas et al. (2006).

Another important issue during trajectory comparison is to detect similar motions of trajectories in
different space regions and at different scales (spatial or/and temporal). A trajectory, large in
space and long in duration, could hold similar motions/dynamics as a much smaller one. For
trajectory motion comparison rigid transformations such as shifting, scaling and rotation might be
necessary. For instance, transformation of trajectory times for common start times would enable
better comparison. Pelekis et al. (2007) offered a distance function approach based on primitive
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(space and time) as well as derived motion parameters of trajectories (speed and direction).
Considering space dimensions, similarities of trajectory in 3D can differ from those taking only
projected data on the 2D surface into account. Each group of trajectories, derived from similarity-
based clustering, could be aggregated and then again compared/analyzed for similari-
ties/dissimilarities with other aggregated trajectory groups. It can be summarized, that existing
approaches focus on similarity measures of line trajectories representing moving points.

How can we now visualize or visually analyze trajectory similarities?

Visual comparison of trajectory similarities (of two or more trajectories) can be done by overlaying
one map display over the other one or placing two or more map displays next to one another —
each visualizing a different trajectory. Some appropriate methods and tools used for visually
explore trajectory similarities are density maps, STC, temporal displays, trajectory wall, time
graph, etc. Most visual approaches for trajectory similarity visualization and analysis are based on
summarizing trajectories (e.g. clustering and/or aggregating) based on similar properties. Multiple
trajectories, which are clustered through spatial or spatial temporal proximity, can be represented
by polylines of different colors (as in Figure 2-25-a). Large difference in colors indicates much
dissimilarity between clusters. Thus, similar trajectories are summarized by color, but there is no
information about trajectory quantity and thus an obvious demand for generalization in order to
avoid overplotting. The generalization approach suggested by (Andrienko & Andrienko 2009)
enables another visual summarization of trajectories as illustrated in Figure 2-25-b. Thereby,
arrows or half-arrows (vectors) show the movement directions and the arrow widths are propor-
tional to the number of trajectories. The approach has the added values of making trajectory data
less overloaded so that the user/analyst is able to identify how many trajectories have common
start and end points and thus able to distinguish frequent paths from less frequent and occasional
ones. Figure 2-25-c illustrates a STC of the same traffic data as in Figure 2-25-a. In the STC
details of grouped trajectories can be detected much more clearly as well as temporal information
and movement behaviors such as moving speed changes and moving directions. The STC de-
mands a high degree of user interactions in order to fully visually explore the data.
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Figure 2-25: Traffic data of Milan, Italy, a) clustered by color, b) aggregated to arrows, c) STC,
source: http://www.rockpaperink.com/post/92434324658/designing-mobility.

Figure 2-26 illustrates a vessel trajectory density map as solution for summarized trajectories
introduced by (Scheepens et al. 2011b). The vessel traffic during one day in front of Rotterdam is
shown, revealing four different density levels: night vessel traffic in dark blue, morning in bright
yellow, afternoon in dark yellow and evening in bright blue.
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Figure 2-26: Trajectory density map of vessels, source: Scheepens et al. (2011b).

Another approach is called ‘trajectory wall’, as illustrated in Figure 2-27. The hybrid 2D/3D trajec-
tory wall represents trajectory attribute data (e.g. speed) of one chosen trajectory group/cluster by
stacking 3D color-coded bands on a 2D map (Andrienko et al. 2014). Stacked trajectories can be
ordered along the vertical axis according to their temporal order. It could also be reasonable to
order them according to other criteria such as average speed which would support the compari-
son of fast and slow trajectories and the respective location for certain speeds. Additionally, a
time lens - an interactively chosen circular area — can show the spatial positions of the trajectory
points in its interior and temporal aspects on the lens rim. The 2D time graph complementarily
provides detailed temporal information through assembled 2D trajectory bands. The bands indi-
cate trajectories, which are divided into segments. Segments are colored according to attribute
values (speed). While the trajectory wall enables summarization of attribute values with locations,
the time graph enables summarization of attribute values associated with temporal intervals
(Tominski et al. 2012).
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Figure 2-27: Trajectory wall with time lens of traffic jam along one main road in San Francisco
(above) and corresponding time graph (below), source: (Tominski et al. 2012)
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Further visual analytical tools for trajectory comparison include radar plots, PCPs or table lenses.
The similarity computation and the extended visual analytical tools for lightning data will be intro-
duced in this thesis (Section 4.4.2). They are based on trajectory lines. If trajectories are spatially
extended, these approaches need to be adapted in order to analyze similarities of lanes and their
attributes.

In the following section we will discuss representations of forecasted dynamic objects in particular
the visualization of their uncertainties.

2.7. Prediction and uncertainty visualization of movement data

With regard to the visual analysis of dynamic geographical data, the near-time prediction and
visualization of spatial and aspatial information is crucial for the understanding of data dynamics
and for decision-making. The visualized predictions of traffic data, thunderstorms or forest fires
are just a few examples. An important aspect of the prediction or forecasting, is its uncertainty.
Uncertainty can be caused not only by the underlying detected data, but also by data processing
and visualization. Definitions for ‘uncertainty’ in literature are not consistent. Pang (2001) stated,
that “uncertainty is a multi-faceted characterization about data, whether from measurements and
observations of some phenomenon and predictions made from them. It may include several
concepts including error, accuracy, precision, validity, quality, variability, noise, completeness,
confidence and reliability”. In cartographic literature, the terms “reliability” and “quality” are used
as well (Slocum et al. 2009).

In our context, we focus on uncertainties of dynamic geodata, including information such as
polygon location/extension and attributes. A particular attention in this work will be on the uncer-
tainty visualization of predicted lightning clusters. Based on the background knowledge and a
series of recorded spatio-temporal data, the probability/uncertainty of predicted movement data
can be computationally determined and visualized. Thus three parts are important: 1) data as well
as their pre-processing, Il) prediction including the determination of prediction uncertainty and IIl)
visualization of the uncertainty. For dynamic geodata, uncertainty visualization of forecasted data
principally depends on the prediction method. Possible prediction methods for moving objects are
linear or nonlinear extrapolations (e.g. Spline), polynomial regressions or the use of statistical
models (e.g. Bayesian network, Markov model). Besides, the prediction of the spatial location of a
moving point object can also be computed using a simple velocity model and taking into account
the current object velocity and moving direction.

Geographic objects, in particular their position, geographic extension and attributes, reveal cer-
tain accuracies, depending on the acquisition methods. These accuracies are crucial for forecast-
ing methods. Systematic, random and gross errors have to be considered in order to determine
the accuracy. It is expressed either in percentage or in the measurement unit of the object attrib-
ute (e.g. “cm”). For dynamic objects, location and movement uncertainty usually differs, depend-
ing on the respective moment of time or time interval. For predicted attributes, uncertainty in-
creases with the growing distance to the future time. In our context, two basic prediction models
are relevant: (a) History model which extrapolates into the future based on the attributes of the
last two or more time steps and (b) Simulated or Learning model which takes the movement
characteristic into account, learned from the entire given dataset. Both models were explained in
more detail in (Scheepens et al. 2014).

In general the predicted objects can be illustrated in the same way as present and past objects. If
several future steps are presented, temporal information should be provided. Visualized uncer-
tainties of predicted information definitely bring an added value for decision making. In our con-
text, we will focus on the visualization of uncertainty of location and attributes of geographic
objects. Griethe & Schumann (2006), MacEachren et al. (2005), as well as (Slocum et al. 2009)
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provided an overview about existing concepts and approaches for visualizing uncertainties of
geographic data. Basically the values of visual variables of points/lines/polygons can be correlat-
ed with uncertainty information. Gershon (1998) distinguished intrinsic visual variables (e.g. size,
color, saturation, transparency) and extrinsic visual variables (added objects, such as arrows,
bars, charts, dials and objects of different shapes). Using intrinsic visual variables, we may
change the size of a point, the size, color or texture of a line, the transparency or the saturation of
colored tones on a choropleth map. Some examples for different uncertainty visualizations for
point symbols using various intrinsic visual variables are shown in Figure 2-28.
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Figure 2-28: Uncertainty visualizations for point symbols with variations in saturation (left), crispness
(center) and transparency applied to the smaller symbol (right), source: MacEachren et al. (2005)

Furthermore the resolution of raster data could reflect uncertainty. An appropriate legend is nec-
essary for the user to understand the visualized uncertainty. Another common method is to use
bounding buffers around geo-objects representing their uncertainties. The uncertainty information
can be embedded in the visualization of the underlying data or rendered in an adjacent map so
as to avoid overloading the map information. Animations and/or dynamic symbol actions can also
be used to represent uncertainty information. Moreover, uncertainty can be presented as well via
typology (e.g. “+/- 1 minute” for time error).

For the visualization of the uncertainty of predicted moving objects, many approaches use a
buffer around the predicted spatial position/extension, illustrating the uncertainty of the forecasted
spatial information. Another possibility is the use of temporally weighted kernel density approach
introduced by Porter & Reich (2012) to predict and visualize locations and their uncertainties of
event in a series. Scheepens et al. (2014) introduced a contour-based approach to visualize
predicted moving objects including position uncertainty information as illustrated in Figure 2-29.
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Figure 2-29: Visualized Vessel prediction and uncertainties of three time intervals, source:
(Scheepens et al. 2014).
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Different colors represent different vessels. For each time interval of the blue vessel on the left,
three probability percentiles are drawn: 95% (outer contour line), 25% and 15% (inner contour
line). The saturation and lightness of contour lines decrease with increasing time in order to
differentiate between time intervals and to convey the notion of increasing uncertainty for vessel
position predictions. Their approach includes the prediction of vessel positions, velocity and
course. They defined a temporal probability distribution as a positional probability distribution that
changes over time. Furthermore, the authors presented a contour-line-based interactive visual
approach for the exploration of predicted vessel interactions and its probability. Another example
for trajectory uncertainty visualization is provided by Alvarez & Gilberto (2013). An interactive
explorative tool for the visual analysis of uncertainties of dynamic fields was introduced by Hollt et
al. (2013) and applied for ocean forecasts in order to support the planning and operation of off-
shore structures. Further existing approaches dealing with the determination and visualization of
uncertainties of moving objects can be found in (Harrower 2003; Hengl 2003; Pfoser & Jensen
1999).

2.8. Chapter conclusion

The relevant terminologies as well as the evolution of visualization technologies in the context of
visual movement analysis of SEOs were explained and compared. The issue of spatio-temporal
modeling of dynamic geodata was introduced and the state of the art of cartographic representa-
tion and visual exploration of dynamic geodata analyzed. So far, the visual analysis has been
extensively conducted for dynamic discrete point data, but much less was reported about the
visual exploration of dynamic polygons (SEOs). With regard to the internal structure change of
moving point groups, we have shown that existing approaches do not address adequate solutions
for density mapping of dynamic points belonging to the same moving phenomena. Available
solutions mainly apply to datasets with two different moments of time. Trajectory similarity meas-
urement and visualization approaches exist for trajectory-lines and need to be adapted for similar-
ity of track-lanes. Moreover, we shed some light on the concepts for uncertainty representation of
predicted dynamic SEOs.
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3. Visual analysis/analytics of dynamic SEOs/SEPs

This chapter is dedicated to a conceptual discourse about the visual exploration of dynamic
SEOs with a focus of movement analysis. This includes a detailed inspection of the following
questions.

¢ How can we describe and define different types of spatially extended moving objects or
phenomena?

e Which pre-processing steps are needed for different types of dynamic SEOs in order to
derive spatio-temporal polygons and thus the polygonal trajectory lane of a SEO?

e How to visually and non-visually describe and represent dynamic SEOs and their move-
ment features/attributes?

e Which applicable visual variables apply to the visualization options for SEOs and their
movement features/attributes?

e How to describe the movement behavior of dynamic SEPs?

e What are the specific tasks of movement analysis and their corresponding visual analyti-
cal approaches to accomplishing these tasks?

3.1. Refining SEOs or SEPs

Based on the definitions and differentiations for dynamic (spatio-temporal) data in the previous
chapter, we divide the dynamic data into three main groups: (1) discrete point objects, (2) spatial-
ly continuous fields (or surfaces) and (3) SEOs. The term “dynamic objects” refers to the spatially
moving objects on which this work is mainly focused.

Discrete objects such as moving persons, vehicles (cars, ships and airplanes), animals or goods
have a spatial extension that can be represented by points. More precisely, there is a second
type of dynamic discrete point objects which are moving events, whereby each event reappears
at a certain location on/during a certain moment of time. For example, every year the National
Garden Festival (event) takes place in a different location/city. Besides, events can also be relat-
ed to discrete moving objects. For example a truck driver bringing goods from place A to B has to
stop at certain locations to refill the empty tank with fuel. The second group ‘dynamic
fields/surfaces’, such as oceans, represent phenomena where for each location on the surface a
value of a dynamic phenomenon-attribute is allocated. SEOs change their sizes and shapes.
SEOs can be divided into two sub-categories: (3a) SEOs defined by groups of moving discrete
objects such as animal swarms/herds (e.g. bird swarms, insect swarms, bacterial colonies) or
moving crowd of people (tribes, armies, explorers etc.) and (3b) SEOs formed throughout a SEP
which cannot be described via a detected group of points. Examples are clouds, thunderstorms
or land-use. Members of (3a) originate from natural arrangements (e.g. animal herds) or are
constructed during data analysis (e.g. by clustering) as it is the case for lightning clusters, diseas-
es or the spatio-temporal change of dialects. Furthermore, we can distinguish groups of (3a) by
the traceability or non- traceability of group members: For instance birds within a bird swarm can
be tracked via GPS. Thus a certain point-ID, belonging to a spatio-temporal cluster can stay in
the cluster or change the cluster while moving in space and time (3a-l). Lightning for instance, on
the contrary, appear only once. Consequently, lightning clusters are formed via spatio-temporal
clustering, but lightning points cannot be tracked since they do not appear twice or more often
(3a-ll). In case of swarms, the focus within this thesis is not on swarm object analysis, but on the
investigation of the entire swarm. Table 3-1 illustrates these different kinds of dynamic data.

A dynamic SEO usually consists of a series of polygons/clusters. Within that series successive
polygons spatially overlap and each polygon is related to a certain time or time interval within
which the polygon was detected.
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Table 3-1: Types of dynamic objects and examples.

(3) SEO
@)
) COHE&L;?“S (a) polygons based on
Discrete point surfaces captured point groups (b)
objects mn (1 other
moving point clustered polygons*
e group point events | (non-point-based)
o iy ﬂ{/y
._,.»l}
@4pm
./ @ 5pm
o |humans wind speed, animal herds, lightning clouds,
%_ animals’ temperature, bird swarm, clusters, thunderstorms,
IS L oceans moving crowds diseases, land-use change,
< |vehicles, goods, X . i
X currents, (tribes, explorers, | epidemics, floods,
o |planets . . ! i
soil values armies) dialect areas  |wildfires

* no group membership, SEOs are formed throughout a SEP which cannot be described via a
detected group of points.

In order to model the trajectories and perform spatio-temporal queries of moving SEOs, we define
a “cluster” as a spatio-temporal interval of a SEO. Thus, it forms the smallest meaningful state of
interest for a relevant application of the moving SEO. The polygon corresponding to a cluster can
contain a group of points. An example is the spatial extension of a wildfire extracted from an
aerial photo taken at a specific moment of time. The entire wildfire — from the moment it came into
existence until the moment it disappears — defines the dynamic SEO. Another example is a mov-
ing lightning cluster, which is part of a thunderstorm and forms a three-dimensional lane (trajecto-
ry) during movement. Its associated SEO of lightning contains spatio-temporally grouped lightning
points which are detected during a predefined temporal interval (e.g. from 3pm until 4pm on
March 21 2014) and spatially close to each other (e.g. nearest neighbor distance threshold of 6
km). All existing dynamic SEOs including their characteristics and behavior finally describe the
SEP and its dynamics.

We can also take into account how objects are moving through the space, or in other words how
we can describe the trajectories of dynamic objects. On the one hand the space can be two- or
three-dimensional. On the other hand objects can move in either a non-confined space without
fixed extension or a confined space such as along a road respectively within a 2D polygon or 3D
polygon (polyhedron). Depending on the context, it is necessary to specify the type of dynamic
data in order to get a better insight into what dynamic objects, phenomena, fields or SEOs really
mean in the respective situation: Discrete entities can remain similar or identical shapes and
sizes or change their sizes and/or shapes. A moving crowd could be composed of discrete enti-
ties with changing or with fixed identities. In case of changing entities, the change could be based
on disappearing, merging or splitting.

3.2.

Moving SEOs can be geographically described as polygons whereby each polygon exists at a
certain moment of time of time interval. How to detect these dynamic polygons? As shown in
Table 3-1, we suggest dividing SEOs into two main types: (a) groups of discrete point objects and
(b) moving areas. Polygons of type (a) can be either a group of moving points, originated from
natural arrangements (a-l) or they can be constructed based on processing/analysis of point
events, for instance by clustering (a-Il). Point coordinates are detected through GPS tracking (e.g.

Pre-processing of moving SEOs
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animal swarms), via sensors (e.g. lightning detection sensor network, see Section 4.1.1), from
raster images (e.g. people crowd movement), etc. The corresponding dynamic polygon is shaped
via spatio-temporal clustering of detected points (e.g. tracking of bird locations and subsequent
spatio-temporal clustering of bird swarms). The second type (b) could be formed by anything but
moving point groups. One example is polygon extraction from raster images (e.g. floods, clouds).

Furthermore, the detection or creation time of initial points or/and polygons is crucial for a spatio-
temporal analysis and initial data can be available in a two- or three-dimensional space, depend-
ing on the application case. Moreover, points may have additional attributive information describ-
ing the point and the dynamics of the phenomenon. Attribute values as well might change in time
(in case of moving points). Figure 3-1 illustrates the workflow of how different types of dynamic
SEOs are created, including data capturing methods, derived initial vector data and — if needed —
data pre-processing. Theoretically a point event could also occur more than once. In case of
swarm points and point events, the spatio-temporal clustering of points into polygons as well as
the allocation and aggregation of these clusters to trajectories counts as an important pre-
processing of dynamic SEOs. Thereby, spatial and temporal intervals have to be defined in order
to derive clusters. Furthermore, outliers and errors have to be detected and removed and data
gaps filled (e.g. via data interpolations).

detection | GPS point tracking, Raster Image detection, Sensor networks, ...
methods ‘ =» captured geographies and attributes
derived Swarm points Polygons
vector
data Each moving point Each polygon is
Xi, Vi, Zip b defined by k-
X; Vi zZi boundary points;
Ps; = A o 2 . B 2 0 -
Si S O B Point events there are no points
X Vi, Zi, b inside a polygon.
..forms a point trajectory: Each point event: Each polygon
TR; = {Ps; ¢ ...PS; tn Pe: = {x.v 7.t refers to a certain
{ o n} j =y 2t moment of time or
& temporal trajectory parts: time interval
TRi,part = {Psi,tsmrt PSi,tEna}
data pre- Spatio-temporal l Spatio-temporal
processing point clustering point clustering
l Aggregation of l
convex hull of trajectories convex hull of
each cluster (S each cluster

| .

| SEO‘s cluster =~ (Aggregation of | SEO's cluster | | SEO‘s cluster \
; ’ trajectory parts) ;

‘ SEO ‘ SEO ‘ ‘ ‘ ‘
(trajectory lane) | | (trajectory lane) trajectory lane) (trajectory lane) |

Figure 3-1: Dynamic SEOs - data capturing and pre-processing.
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In the next section we will present a generic concept for visually analyzing dynamic SEOs. First,
spatio-temporal relationships will be briefly discussed followed by an overview about representa-
tion methods including appropriate visual variables. Then we will develop adequate visual solu-
tions for specific movement analysis tasks.

3.3. Visual exploration of moving SEOs

This chapter aims to answer the question of how dynamic SEOs and their features can be ade-
quately visualized and analyzed. It addresses data pre-processing, cartographic techniques as
well as tools and approaches from the fields of visual data mining, information visualization and
visual analytics. The visual exploration of dynamic SEOs conceptually consists of the following
parts: Map representation and non-visual description of SEOs and a task-specific visual analysis
of the moving SEOs as well as the analysis of their movement behaviors. In the following, we
discuss at first the spatio-temporal relationships of SEOs.

Modelling spatio-temporal relationships of moving SEOs is crucial for the visual analysis of the
dynamics of SEOs. In Section 2.2 (Figure 2-10) we discussed spatio-temporal relationships for
temporally evolving polygons, based on Claramunt & Jiang (2000). However, the authors as-
sumed constant spatial polygon extension and treated the polygon as an event without taking the
trajectory of a moving polygon into account. An adaptation of Claramunt and Jiang’s model is
therefore necessary which will consider the clusters (polygons), cluster centroids (points), trajec-
tory lines (polylines formed by connected centroids) and trajectory lanes (polygons) of SEO in 2D
and 3D space. Based on (Andrienko et al. 2011b), we can subdivide relations between moving
SEO and context-elements in topological relations (‘in’, ‘cross’, 'touch’, etc.) and metric relations
(spatial and temporal distance, spatial direction).

3.3.1. Representation (mapping) and non-visual description of dynamic SEPs
and their features

When describing or mapping dynamic SEOSs, it is necessary to consider spatial, temporal, spatio-
temporal and further attributive information. Table 3-2 gives an overview about components and
attributes of dynamic SEOs, their non-visual description and their rudimental graphic expressions
in a two-dimensional map display. All suggested representations support the exploration of SEOs
and their characteristics. The table is divided into four main parts: dynamic SEOs in terms of the
entire track lifetime (1); a cluster as the smallest spatio-temporal interval at any track location and
time (ll); a particular movement event or situation of a SEO (lll) and uncertainty information of
SEOQ’s attributes (IV). In general a moving SEO comes into existence at some moment of time, it
moves while location and/or spatial extension as well as attributes might change. A SEO can
merge with other or split into several SEOs and it cease to exist at some moment of time. The
geographical information of a cluster or an entire SEO includes spatial extension, form, cluster
area and volume, centroid position and the trajectory (moving polygons can be allocated and
aggregated to trajectories).

Trajectories can be represented either by a track line or a track lane. A track line can be deter-
mined by connecting successive centroids of dynamic clusters of SEO. A track lane is assigned
through the convex hull of the whole spatial extension of a SEO. Track lines and track lanes can
be simplified via smoothing. If a SEO cluster is shaped by a point group, further information such
as point quantity, point distribution, spatio-temporal point dispersal and migration can be derived.
Besides, a dynamic SEO cluster contains movement information, such as speed, acceleration
and movement direction. Further statistical information of the entire SEO may include lifetime
duration, cluster quantity, as well as distribution, averages, standard deviations and peaks (mini-
ma, maxima) of all values (e.g. of speed, area, number of points). The dynamics of a SEO is
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reflected in the changes occurring to its spatial and non-spatial attributes. The extrapolation of the
changes to the near future is called nowcasting. The cluster information can also be used to
predict its future state. The uncertainties of geographical information are rooted in the measure-
ment errors.

Table 3-2: Typical features of a dynamic SEO and their attributes.

Features / attributes Descriptions Legend

Exact (convex hull) or

1) Form / exten- | Polygon area, @ simplified form: abrupt
sion spatial range (dX, dY, dZ) or fuzzy bound,aries

2) Track-line Length — Line connecting cluster

centroids
. Lane formed by the
3) Track-lane Length, width kg Y moving SEO
Tra'((alc):tor K ﬁ\:)?/riigedirec- Direction angle or Linear arrow
; y . 9 cardinal direction —
of cluster tion
lifetime .
5) Moving ten- E.g. from northeast to
dency southwest ~~ T4 Curvedarrow
6) Point quantity* | Total number of points 350 A number or a point

quantity-based color

Lifetime (number of clusters)
7) Further attrib- |average/min/max of

utes speed, altitude, number of
splits/merges

Polygon area, spatial range

1) Form / spatial “« » True or

extension (dX, dv, d2), rototypical form
form index P yp
2) Cluster cen- . _
troid Coordinates P, = (x,y,2) °
a) Movement direction arrow - Arrow
b) Movement direction tail \\ Symbol like a comet-tail
3) Movement
atributes c) Direction text description
(I (;n le or cardinal direcr;ion) NW Northwestwards
Spatio- 9
temporal d) Value of speed and accel- | Text or adapted polygon color/comet-
cluster eration tail length

Point quantity-based
uantity* Number of points . centroid size, col-
q or/polygon color or text

4) Cluster point

5) Distance to

previousinext |Length | .. Line between succes-

sive cluster centroids

cluster

6) Further _ e.g. state/position within 13/19 Step no. 13 out of 19
information trajectory

7) Cluster

Same as other cluster descriptions

prediction
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1) Coming to Polygon/centroid of
birth, cease to | Time and spatial location ° o9
exist first/last cluster
. Time, cluster information of Overlapping polygons,
2) Merging . connected cluster
( involved SEOs centroids
Particular
SEO’s - Time, cluster information of @ » Overlapping polygons,
movement |3) Splitting involved SEOs | - connected cluster
events/ centroids
situation : . :
a) Maximum/minimum alti- 10.2 km
tude
4) Peaks i ity-
b) Maximum cluster point P_omt guantity-based
Lantitv* . size or color/polygon
q y color
1) Uncertainty of Buffer around polygon
spatial posi- Relative or absolute . (with abrupt or smooth
(V) tion/extension color gradient)
Uncertainty |2y Uncertainty of
semantic at-  |Relative or absolute +/- 5%
tributes
* only valid for SEO formed through moving point groups/ point events

The legend (last column of Table 3-2) can be visualized in different ways, using the seven visual
variables - form, color, size, sharpness, transparency, orientation and texture including pattern
arrangement and orientation. Table 3-3 gives an overview of how these basic visual variables are
used to visualize text information, points, lines and polygons representing moving SEOs.

In addition, appropriate dynamic actions are inserted to reflect movement and movement chang-
es. Such dynamic symbol actions include blinking, flashing, erupting, sinking, shacking, frequent
flash impulses, smooth directional color (“flying in”) or desaturation. Appropriate visual variables
are marked with filled circles. Possible but not suitable visual variables are shown with unfilled
circles. Different map styles and variables for dynamic SEOs can be drawn simultaneously. The
resulted multivariate visualization of clusters and their attributes may lead to an improved insight
into the dynamic phenomena. In order to avoid information loss caused by overlapping, some
visual variables (e.g. transparency) need to be adapted. In addition, user interactions can be
embedded to the visualization to support the visual analysis. The basic visual analytical tools are
panning, zooming, rotating, enabling and disabling map objects or different object symbolizations,
fetching textual attribute information via click, using a time slider to explore temporal changes.
Moreover, various graphic types other than maps can also support the visual exploration of dy-
namic SEOs. In the following sections, the ‘movement behavior of SEOs will be discussed, the
specific tasks of movement analysis identified and the necessary visual analytical approaches
introduced.
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Table 3-3: Visual variables for dynamic SEO.

Text information 5T 2
0 T|E 2 5 S
Points gF|2¢ s |2 » o ®
$3 |25 g |8 |cd|lg [E
Numbering SIS §§ %'E MR %_% 5 |SE
is based on Polvaons LLI0o3|®» |0 |- |ac|- |6
Table 3-2 e T |@ [olg|lg|c |©|F
I-6) Cluster point quantity
I-7) Further track attributes
(e.g. lifetime)

11-4) Cluster point quantity** o o | o | o Oo| O
11-6) Further track information
[I-7)  Further cluster information
IV-2)  Uncertainty of attributes
lll-4a) Peaks (altitude, etc.)
llI-4b) Maximum cluster point quantity
[I-3c) Direction (angle or cardinal) ¢ ¢ 0 0 © ¢
II-3d) Speed, acceleration*
11-2) Position (cluster centroid)
I-1) Trajectory by point clouds ** O e o o o @ o0 O
l1-1) Cluster by point clouds **
llI-1)  Coming to birth, cease to exist ® o e | o | o ) ) ®
1-2) Trajectory (track-) line
I-4) Average moving direction ° [ ) o () O
I-5) moving tendency
[I-3a) Cluster direction arrow
[1-5) Distance to previous/next cluster N N N ol o
[1I-2)  Cluster merging via lines
[1I-3)  Cluster splitting via lines
I-1) Trajectory form/extension
1-3) Trajectory (track-) lane o e o | O
IV-1) Uncertainty buffer
[I-1)  Cluster form/spatial extension
[I-3b) Cluster direction tall ° ol o o o
I1I-2)  Cluster merging via polygons
I1I-3)  Cluster splitting via polygons

*

*%

3.3.2. Movement behavior/aspects of dynamic SEOs

in particular significant changes

only valid for SEO formed through moving point groups

As mentioned before, space properties, time, the object’'s movement activities and various con-
text characteristics influence the dynamics of a moving object. As explained before, a cluster is
defined as the smallest spatio-temporal interval of a moving SEO and the lifetime evolvement of
such cluster forms the SEO’s trajectory and its complexity.
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The behavior of a single cluster can be described by

Momentary movement situation (instant movement characteristics): moving or stopping
o In case of movement:
= Movement direction
= Speed
Cluster shape and spatial extension

Internal cluster properties: point distribution and point quantity (in case the SEO is based on
moving points or point events)

Status change at the current time (t) in comparison with the previous time (t-1):
o Change of movement: direction (turn), speed (acceleration)

o Change of further cluster properties (shape: expand/shrink/deform, spatial exten-
sion, internal cluster changes)

Specific cluster situation:

Moment of appearance (cluster birth or re-appearance)
Moment of last appearance (extinction)

Splitting into two or more clusters

Merging of two or more clusters into one

Interactions with another (static or moving) point object or area of interest: touch-
ing/covering/being covered/overlapping

o Spatial return to certain points
= To a previously passed location (e.g. place of first appearance)
= To alocation of special interest

o O O O O

Next, we will look at movement characteristics of the trajectory of an SEO during its entire (past)
lifetime respectively during a certain period of time of interest.

This trajectory behavior contains information about:

Average movement direction (exact or cardinal direction)
Cluster movement statistics:

o Speed information: average speed, maximum speed, number of accelerations
and decelerations

o Altitude information: average altitude, maximum altitude, number of climbs and
falls, fastest/steepest climb/fall

o Trajectory occurrence time and lifetime (if it is the case consideration of re-
appearances)

Traveled distance and displacement (in 2D or 3D)
Statistics of the instant/momentary cluster characteristics
Trajectory sinuosity and tortuosity

Trajectory events (movement events):

= Stops: number of stops, analysis of stops at certain locations of interest,
temporal patterns (average stop time, total time of all stops)

= Returns: number of trajectory intersections respectively number of returns
to a specific location, temporal patterns

o O O O

= Maximum altitude, birth, death, merging, splitting, significant movement
change (direction, speed), temporal patterns

o Movement complexity (see Section 4.4.1)

Course description (linear, curved, unregularly, constrained/unconstrained, smooth/abrupt
direction/speed changes, sinus-shaped, etc.)

Interactions of different trajectories:
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o Looking at trajectory line:
= Splitting, merging, touching, intersecting
o Looking at trajectory lane:
= Splitting, merging, touching, overlapping
- Interaction with context-elements:
o Topological relations (‘in’, ‘cross’, 'touch’, etc.)

o Metric: spatial and temporal distance, spatial direction

From different clusters or trajectories the following information can be derived:

= Similarities of attributes (e.g. movement direction, speed, cluster size, trajectory length)

= Correlations of changes (e.g. temporal synchronization, temporal dependence)

= Group formation, change of shape, outliers

= Spatio-temporal point distribution and point quantity

= Behavior of an entire phenomenon with all clusters and all trajectories
Most of the above-mentioned information can be strongly reinforced if temporal information
(when) and spatial information (where) are visualized in a user-friendly way and explored at
different temporal scales and cycles (daily, yearly, etc.).

Andrienko et al. (2011b) introduced a topology of relevant derived trajectory attributes of moving
discrete objects. We can also apply this typology for moving SEOs: Relevant attributes can be
distinguished in a) attributes originally available from the initial data the moving SEO is based on,
b) attributes derived from the analysis of the moving SEO with context data and c) those attrib-
utes computed from the derived clusters and trajectories — which again can be separated in
instant, interval and cumulative movement characteristics (attributes). Instant attributes describe
a moving cluster at a certain moment of time. Interval attributes specify the cluster movement
during a certain time interval. Cumulative attributes comprise all interval measures for the entire
trajectory. Furthermore attributes of movement events include spatial and temporal position as
well as duration, spatial extent, average speed and direction of the movement, and statistical
aggregates (average, minimum, maximum, median, etc.) of user-selected dynamic attributes.
Dynamic attributes refer to time-varying are also called (Andrienko et al. 2011b).

Another point to discuss is the relationship between change and movement. Can we really differ-
entiate them? In general, movement happens because our world is dynamic or in other words,
because our world is changing. For instance, due to seasonal meteorological and environmental
conditions a bird swarm is moving to a warmer region. In movement analysis of dynamic SEOs,
swarm-cluster attributes are changing in time due to movement. However, the change of some
attributes takes place during the movement rather than being caused by the movement.

3.3.3. Investigating movement of SEOs through task specific visual analytical
approaches

Generally visual exploration and analysis can be performed in a 2D or/and 3D digital or analog
space. Thereby, static, dynamic or animated map representations can be used. A graphic user
interface with interactive functions supports the exploration. Furthermore, synchronized non-
cartographical displays (e.g. graphs, diagrams) can enhance the insight into data characteristics.
Visual exploration of dynamic SEOs can be based on a selection of SEOs of interest out of the
entire dataset. Selection methods include spatial selection (all objects in a defined area), tem-
poral selection (all objects within the temporal interval of interest), spatio-temporal selection (first
spatial and then temporal selection or vise verse) and object selection (which actually relates to a
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spatio-temporal selection). Thus, the focus within visual analysis of dynamic SEOs can be on the
entire phenomenon, but also on selected (individual/a pair of/a group of) clusters or trajectories.

Besides an emphasis on “What”, the focus within visual exploration can be also on “Where” or on
“When”. “Where” can be analyzed with different spatial resolutions or map scales. Likewise,
“When” can be investigated for the recent or the long term past as well as the near respectively
the far future. The present situation is explorative in particular with help of a real-time monitor-
ing/visualization. Table 3-4 provides an overview about specific analytical tasks for the explora-
tion of dynamic SEOs as well as suggested visual analytical approaches which support to solve
the defined tasks. All tasks help to understand movement behavior and to identify tendencies and
patterns. Suggested visual methods/tools are necessary to accomplish the identified tasks. Our
goal is to extract patterns from dynamic SEOs with the help of visual tools. Most of the visual
tools are coupled with necessary computing tasks. We assume that clusters and trajectories are
already calculated via clustering and aggregation as described in Section 3.1.

Aggregation is a key issue for the visual analysis of moving points and their trajectory. As men-
tioned in Section 3.1 and Figure 3-1, spatial and temporal aggregation is needed to derive spatio-
temporal clusters from point data/events — in case of moving swarms of point events belonging to
a moving SEP. The detected clusters have to be aggregated again in order to derive trajectories
(spatially extended lanes). Generally, SEOs’ trajectories can be temporally, spatially or spatio-
temporally aggregated in order to reduce information overload (and thus to ease information
communication) to detect and display common movement patterns and behavior (e.g. SEOs with
similar dynamics). The spatial and temporal thresholds describing the similarity of clus-
ters/trajectories depend on the purpose of aggregation as well as the application case of the data.
Furthermore, the thresholds can depend on the temporal and spatial scale. Nearly all of the visual
tasks listed in Table 3-4 are based on aggregated clusters and trajectories resulted from aggrega-
tion.

The derived trajectories can be aggregated as well. The SEOs’ trajectory lines and lanes (poly-
gons) need to be treated differently. However, they share certain aspects. One aspect is the
aggregation of trajectory parts: Imagine two SEOs move spatio-temporally close enough to each
other only during a part of their lifetime. Consequently, solutions are needed for merging and
splitting of aggregated trajectories. Furthermore, SEOs moving in 3D can be aggregated in either
2D or 3D space. The resulted aggregations may differ. Moreover, the polygon form (borderline) of
aggregated trajectories may be simplified or schematized if needed (e.g. with arrow symbol of
certain length and direction). Instead of aggregating SEOs’ trajectory lines, alternatively, the
median (linear tendency line) or average trajectory (curved tendency line) could be determined
via a polynomial approximation (e.g. cubic spline) through cluster centroids. The resulted line
could be cartographically symbolized in order to represent the aggregation of the initial trajectory
lines. This can be done by increasing the line width, changing its color or adding a polygon-buffer
(with a certain color) up to the spatial extension of all aggregated lines.

The aggregation of SEOSs’ clusters or trajectories can be based on their spatio-temporal geometry
(e.g. trajectories involve the same/similar start time and location) and/or on their semantic attrib-
utes (e.g. bird species). Table 3-4 includes the most important tasks involved in the movement
analysis of SEOs. Every task can be performed for the entire or a selected part of the study area,
for the whole or part of the time period in which SEOs occurred. Moreover, each task could be
applied only for certain SEOs of interest. The focus is on 2D data, but the investigation of moving
SEOs with changing altitude in time is considered as well. The table consists of two main parts:
Analyzing momentary movement of clusters and investigating the dynamics of SEOs’ trajectories
during a certain time period.
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Table 3-4: Analysis of moving SEOs: tasks and visual analytical approaches.

Tasks of movement analysis

Visual analytical approaches

Cluster movement at a specific moment of time

1) Identify moving objects

- Symbol adaption® of moving objects
- Dynamic effects
- Animations

2) Retrieve cluster movement attributes:
- Speed
- Acceleration
- Moving direction angle

Speed and acceleration;

- Classified cluster symbol (e.g. color) based on
Speed/acceleration values

- Extrude cluster fill or/and cluster border while
extrusion height is based on speed/acceleration
values

- Text

Moving direction:

- Arrow in the moving direction

- “Comet-tail” like visualization towards where the
cluster moved from

- Text (exact angle or cardinal direction)

3) Analyze special cluster events:
- Birth, splitting, merging, disappearance, re-
turns, stops

Identify and highlight special cluster event and
theig attributes of interest through symbol adap-
tion

4) Analyze special cluster hot spots:
- Location and time of maximum velocity,
maximum/minimum altitude etc.

Identify and highlight special cluster situation and
theig attributes of interest through symbol adap-
tion

5) Retrieve momentary cluster attribute chang-
es (in comparison to previous time interval):
- Change of location, velocity, cluster shape
(expand, shrink, deform), size, point/event
quantity/distribution etc.
- Detect significant changes

- Symbol adaptation®

- Display text information (e.g. velocity change
value)

- Bar chart/pie chart of cluster attribute changes

6) Investigate cluster interaction with other
clusters or other objects of interest:

- Touching, overlapping, covering

Symbol adaptation® (entire cluster respectively
cluster part which is covered/overlapped)

7) Compare (two or more) clusters:
- Detect similarities and dissimilarities of ge-

ometrical and semantic cluster attributes

Symbol adaptation® of similar clusters
Interactive similarity matrix (of two selected
clusters)

8) Predict near future situation of clusters and

cluster attributes

Same visual approaches as for past clusters

9) Analyze internal cluster structure (in case of
moving points or event data)
- Cluster point quantity

- Cluster point distribution

Contour interval map based on KDE

Nearby points aggregated to polygons with point
quantity based fill color

Point size depending on local density

Time period dynamics (SEO trajectory analysis)

10) Retrieve trajectory movement attributes:
a) Average movement direction/tendency
b) Trajectory movement range:
- Spatial length
- Lifetime
¢) Number of accelerations/decelerations
d) Number of climbs and falls (increas-
ing/decreasing altitude)
e) Maximum/average velocity
f) Maximum/average altitude
g) Maximum/average width
h) Fastest/steepest climb/fall

a) Arrow (linear or curved), text (exact angle or
cardinal direction)
b-d) Text, symbol adaptation®
e-h) - Display text
- Highlight map location via symbol adaption
- Emphasize location in additional displays
(STC, graphs/tables?®)

1
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11) Detect and analyze specific movement

events along the trajectory:

- Stops, Returns

- Birth, death, merging, splitting

- Cluster attribute of significance/ of interest
(e.g. slow speed)

- Significant movement change (direction,
speed)

- Interactive clustering

- Display text

- Highlight map location via symbol adaptation®

- Emphasize location in additional displays (STC,

event graph, attribute graph, further
graphs/tables®)

12) Describe trajectory course:
- Linear, curved, unregularly, con-
strained/unconstrained, smooth/abrupt di-
rection/speed changes, sinus-shaped, etc.)

Displayed trajectory line or lane (if needed
Smooth/simplified line or lane-polygon)

- linear: arrow or straight direction line

- curved: smooth curve via polynomial approxima-

tion (e.g. cubic spline) through cluster centroids

13) Analyze interactions and topological rela-
tions of different trajectories (merge, split,
touch, move parallel)

- Interactive tool to select two trajectories
- Symbol adaptation®

14) Compare (two or more) trajectories:
- Detect similarities and dissimilarities

Interactive tool to select, display and highlight
specific trajectories and their attributes of inter-
est

Enable further displays in order to compare
attributes of the selected trajectories (STC, simi-
larity matrix, etc.)

15) Analyze trajectory attribute data (e.g. coor-
dinates, object time stamp, land use)

Plotting of text information

Attribute based adaption of graphic variable
(e.g. color/size)

Symbolization (proportional point symbol/bar
chart/pie chart)

16) Investigate temporal dependence of spatial,
temporal or attribute data in respect to both
linear and cyclic time models

Time slider tool, temporal glyph, STC,
graphs/tables®

17) Analyze uncertainty of movement path (past
and predicted)

Uncertainty buffer and respective legend, text

18) Analyze movement anomalies:
- SEO at surprising locations (outliers)
- SEO at unusual time in usual locations
- SEO moves with unusual speed

Highlight “unusual” part of SEO via symbol
adaption®

19) Investigate significant trajectory changes
along its course

Define how significant changes are defined
Detect significant changes

Highlight locations and emphasize attribute
change via symbol adaption® or text
Enable further displays (graphs/tablesz)

20) Predict future situation of current moving
a) Short time predictions

b) Medium time predictions

¢) Long time predictions

Same visual approaches as for past clusters (a)
Same visual approaches as for past trajectory
(b,c)

21) Analyze cluster changes along its trajectory

Display cluster attribute variations via symbol
adaptionl

Analyze spatio temporal cluster attributes via
further non-cartographic displays (e.g. STC,
attribute graphs)

Temporal density maps (see Section 4.3)

22)Investigate movement complexity

TCG diagram (see Section 4.4.1)

! Highlighting via adaptation of visual variables defining the cluster symbol:
Polygon fill: color*, transparency, pattern crispness, texture, animated effect
Polygon border line: size, color*, transparency, texture, animated effect

* hue, luminance, saturation

2 Other non-cartographic displays, such as graphs/tables: see Table 3-5 (3)
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Symbol adaptation includes static and dynamic visual variables (see 2.3) of displayed
points/events, clusters (polygons), trajectory lines and lanes (polygons). A combination of sug-
gested visual solutions is also possible (e.g. momentary speed information via text or adapted
object symbol). It only makes sense if the readability and information communication would profit
rather than suffer from such combination. Combination of momentary cluster movement visualiza-
tion together with past/entire trajectory representation can provide cluster movement information
for a specific moment of time and at the same time global trajectory information for the entire past
(and future) movement course of the cluster. To evaluate if the task-specific information can be
visually understood by the user, a comprehensive user test is necessary to find out which method
is best for each task regarding its usefulness and effectiveness.

The visual exploration of dynamic data (including dynamic SEOSs) in particular the exploration of
trajectories can be enhanced by the use of common interaction technigues (Andrienko &
Andrienko 2013):

1. Manipulations of the view (pan, zoom, rotate, change visibility and rendering order of dif-
ferent layers, changing opacity levels, etc.)

2. Manipulations of the data representation (selection of objects/attributes to be shown, ad-
aptation of visual variables defining the object symbol, e.g. color, line thickness)

Manipulations of the content (e.g. selection/filtering of the objects to be shown)

Interactions with display elements (highlighting, provide detailed information by mouse
clicking/pointing, selection of objects to explore in other views, etc.)

Moreover, it is important to investigate visual analysis of “SEOs in context”, in other words with
underlying geographical data, such as infrastructural data, further environmental data, depending
on the purpose of analysis. Context information may allow to visualize base data for a better
orientation; highlight context-related correlations of SEOs; detect context-related behavior of
dynamic SEO; emphasize effects of the SEO’s events to other geodata (e.g. in case of dynamic
lightning clusters: mapping burnt land area after a wildfire caused by lightning; or in case of a
moving bird swarm: temperature- or wind related movements).

Existing visual analytical tools —an overview

Table 3-5 gives an overview about the most representative visual analytical tools for SEOs. Some
of the tools are relevant for both spatio-temporal data and ‘non-dynamic’ spatial datasets. Most of
them have been applied to dynamic datasets which are mainly moving discrete points (see Sec-
tion 2.4.2).

In Table 3-5 the visual analysis is divided into three categories: (1) traditional plan view mapping,
(2) 3D-displays with geographic altitude or time information projected onto the z-axis and (3) non-
cartographical displays, such as graphs and tables. The rendering of the maps/graphics can be
described through different characteristics: They can take various forms: as single elements, as a
unified combination of two or more elements (e.g. a plan view proportional symbol map with
rectangle calendar graph used as temporal glyphs) or as multiple small displays. Moreover, the
displays can be used interactively or non-interactively. Interactive multiple displays are often
synchronized, thus changes appear in one display and are simultaneously reflected in other
displays. Maps and graphics can be illustrated as static displays with or without dynamic effects.
Geographic and non-geographic information of dynamic SEOs can be illustrated and analyzed at
certain temporal and spatial scales (resolutions/granularity) and dimensions. Examples for a
temporal scale are time intervals: year-month-week-day-hour-minute-second, seasons or week-
days. Spatial scales are for instance 1:100, 1:1000 and 1:10.000. Some visual analytical ap-
proaches relevant for the exploration of dynamic SEOs are demonstrated in Figure 3-2.
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Table 3-5: An overview of the visual analytical tools for dynamic SEO

1) “traditional” map view (2D):

Visual analysis - Flow map (flow-linkage diagram)

tools - Change maps: use of traditional thematic map techniques
: N (choropleth/isopleth/dot map/proportional symbol map)
Visualization . . X .
P - Quadratic polynomial trend surface (isochronic lines)
properties. - Temporal glyphs (e.g. clock face, rectangle graph, framed time-line)
-Single/ combined/ il ’ ’
multiple 2) 3D displays (XYZ or STC)
(synchronized) - Statistic surface, block diagram, perspective projection
- Interactive/ - Trajectory wall display for STC
non-interactive (Stacking-based visualization of trajectory attribute data)

- Static/animated X X
# Temporal scale 3) Other (non-cartographical) displays such as graphs and tables

# Spatial scale Appropriate for visualizing dynamic geographic data
# 'I(;gmpor.al - Time series graphs, time-nets Combinations of map and graphics:
# Slmgnlsmn - Variable binned scatter plots - Small multiple maps
d_pa lal - Treemaps, flowstrates - Multiple origin-destination map
4 Slm?nsmn - Visualizing of object group changes - Trajectory contingency table
tepn&: Ig_ral - Chord diagram - Arrays of graphics
dimgnsion - Sunburst partition, Reingold-Tilford tree
# Semantic - Hierarchical edge bundling Further common graphics:
domain - Sankey diagram - Bar chart, time bar chart
- Parallel sets and Icicle plot - Stacked value bar graph
- PCP - Stacked dot plot, dot plot
- Self organized maps - Variable binned scatter plots
- Table lens - Scatter plot, scatter-plot-matrix
- Data arrays - Histogram, frequency table
- ThemeRivers - Box plot, hat plot
Treemap Sunburst partition  Calender view
FlareVis LinearS QuantileSc Scale  Quantitat
LineS RectSprite BEs LogScale \\\ .
- ScaleTy ‘
DirtySpri TextSprite L TimeScale §\~
Spar Betw LinkDista
Me¢ CommunitySt \ ‘{J =
1 Drag Gravi SPing jcioreratvecy ShortestPaths ?'
Spring. Parlcle & erarchicalCius) MaxFlowMinCut = /g -g
Simulatio NBodyFor 4})’/ li]
Chord diagram  Parallel set Scatter plot matrix

s

Figure 3-2: Some available visual analytical approaches relevant for the exploration of dynamic
SEOs, source: https://github.com/mbostock/d3/wiki/Gallery
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Spatial dimensions are 2D and 3D whereby temporal dimensions are past, present and future.
Instead of treating semantic and temporal information as attributes of spatial objects, we could
treat them as individual domains as the spatial domain.

3.4. Chapter conclusion

This chapter provided a generic concept for visual exploration of SEOs and an overview of the
existing visual analytical tools and tasks. The usage of the individual tools is strongly dependent
on the data of SEOs and expected applications. For instance, with regard to the swarm analysis,
it would be relevant to distinguish between absolute movements - which are moving swarm ob-
jects - and relevant movements — which are non-moving swarm objects located on other moving
objects. First we refined SEOs which change in time and space. We divided them into polygons
based on captured point groups (e.g. bird swarm), clustered point events (lightning clusters) and
natural polygons (e.g. landslides). Then, we analyzed the spatio-temporal relationships of SEOs.
The visual exploration of moving SEOs was addressed, involving a conceptual demonstration of
representation methods for dynamic SEPs as well as their features. Furthermore, an overview
about applicable static as well as dynamic visual variables for the previously defined cluster- and
trajectory representations of moving SEOs was provided. Based on the movement aspects of
SEOs, different movement behaviors of dynamic SEOs were outlined. Finally we pointed out
specific movement tasks and their possible visual analytical solutions. The existing visual analyti-
cal approaches were elicited. They include “traditional” 2D map views, 3D displays and other
graphic or tabular displays.
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4. A case study of lightning data

“Globally seen, most weather-related damages are caused by thunderstorms. Besides floods,
strong wind and hail, one of the major thunderstorm ground effects is lightning. Therefore, light-
ning investigations, including detection, cluster identification, tracking and nowcasting are essen-
tial. To enable reliable decisions, the current and predicted lightning clusters and trajectories as
well as analysis results have to be represented in the most appropriate way” (Peters & Meng
2013). Moreover, adequate interactive visual exploration methods are needed to enable analysts
a comprehensive insight into the lightning data dynamics.

This chapter aims to introduce specific representations and visual analytical approaches for
investigating the dynamic phenomena of lightning clusters. We will discuss and answer the fol-
lowing questions:

e Which pre-processing steps are required to derive spatio-temporal lightning clusters as well
as lightning trajectory lanes from detected lightning points?

e What are similar scenarios to moving lightning clusters?

¢ How can we adequately visualize and visually analyze past, present and predicted lightning
clusters and their trajectories - conceptually and applied to the case of a provided test da-
taset?

e How can we visually present the uncertainty of nowcasted lightning data?

e Can we incorporate temporal information in KDE-based density maps in order to create a
static density map for dynamic points?

e How can the dynamics of lightning data be explored by using non-cartographic visual analyti-
cal approaches? The following inquiries are involved:

o How can the similarity of two lightning trajectory lanes be visually compared?

o Which components of a lightning trajectory describe its moving complexity and how
can we visually explore that complexity?

o How far can we apply commonly used approaches to address spatio-temporal change
of lightning clusters and their attributes?

e What is important for a comprehensive interactive visual exploration of dynamic lightning data
and of how could such exploration prototype be designed?

e Who are relevant user groups and which usability issues have to be considered for the sug-
gested visual approaches?

4.1. Lightning data - a dynamic phenomenon

The following subsections (including 4.1.1 and 4.1.2) are based — with slight refinements — on
(Peters & Meng 2013), wherein an overview about the state of the art of lightning data identifica-
tion, tracking and prediction was published.

Lightning is a very complex event. A flash is a lightning discharge in its totality; the average dura-
tion of a flash is 0.5 s. A stroke is a partial discharge consisting of a downward-moving leader
streamer of low luminous intensity followed by an upward-moving return streamer of high lumi-
nous intensity. One flash may consist of one single stroke or a series of strokes in the same or
adjacent channels (Kitagawa et al. 1962). In this work we only use the term lightning. The test
data used are detected lightning points, whereby every lightning point corresponds to an individ-
ual discharge (single stroke). Within this study, ‘event’ refers to the occurrence and prediction of
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thunderstorms represented by tracked and nowcasted lightning clusters. A concept for visual
analytics of dynamic lightning clusters in 3D will be investigated. We briefly describe how to
detect lightning data and how to track and nowcast lightning clusters. The term lightning cluster is
used to define lightning detections clustered in time and space to represent a part of a thunder-
storm with lightning activities. The term ‘nowcasting’ refers to lightning cluster predictions for time
periods of less than a few hours. We focus on the visualization of experimental dynamic lightning
position data and we do not intend to provide any analysis of the meteorological implications of
thunderstorms. Furthermore, we do not consider the degree of applicability of the presented
visualization to different types of storms. Our aim is to provide a computational framework for 3D
lightning stroke visualization of given historical data in the form of a graphic user interface (GUI)
tool, including its geometrical extrapolation in space and time to the extent allowed by the data.
Rather than developing a perfect tracking and nowcasting solution, we instead aim to enable
users to accomplish visual analysis of tracked and nowcasted lightning cluster and their attributes
in an integrated system (Peters & Meng 2013).

4.1.1. Detection and position accuracy of lightning data

The 3D lightning test data are provided by the lightning detection network (LINET) in Europe
(Betz et al. 2009). LINET was established at the University of Munich (Department of Physics)
and put into permanent operation by nowcast GmbH in 2006. The network currently contains 130
sensors distributed over 30 European countries. The acquisition of the emission altitude in-cloud
(IC) lightning is unique. As stated in Betz et al. (2008) the 2D-location accuracy amounts to about
150 m. The accuracy of in-cloud lightning point altitudes is about 10%; for example, an IC light-
ning at 10 km height has its accuracy of +/-1 km (Peters & Meng 2013).

4.1.2. ldentification, tracking and prediction of lightning clusters

A main part of thunderstorm investigation is to detect, track and nowcast lightning cells. Thunder-
storm nowcasting algorithms consist of three procedures: cell identification, cell tracking and cell
prediction. The nowcasting comprises the detailed description of the current weather along with
forecasts obtained by extrapolation for a period of up to six hours in advance (WMO 2013). Theo-
ries of crowd or herd movement analysis are only of limited utility for lightning cells. Based on
Galton (2005), lightning points are neither dynamic collectives, nor discrete dual-aspect phenom-
ena as crowd events. However, lightning points can be described as events within the same
moving thunderstorm cell.

The existing methods are conducted on satellite data, radar data, lightning data, microwave-
based temperatures or a combination of them. Meyer (2010) comprehensively reported about
existing thunderstorm nowcasting methods. In (Johnson et al. 1998; Li et al. 1995; Rinehart &
Garvey 1978; Zinner et al. 2008) methods applied to satellite image data were described. In
(Dixon & Wiener 1993; Handwerker 2002; Hering et al. 2004) solutions for on radar data are
introduced. Steinacker et al. (2000) and Bonelli & Marcacci (2008) provided a solution for both
radar data and lightning data. In (Betz et al. 2008), a cell identification and tracking approach for
the lightning data derived from the LINET network was introduced. Cell tracking techniques can
be divided into overlapping techniques as reported in Zinner et al. (2008) and Hering et al.
(2004), pattern-oriented correlation techniques as in Bolliger et al. (2002), and cost functions
techniques as in Bonelli & Marcacci (2008) and Dixon & Wiener (1993). Some of the tracking
approaches consider the cell splitting and merging behavior. To track lightning data, cells first
have to be identified by means of spatial-temporal clustering of the detected lightning point data.
Usually, time intervals of 10-15 minutes are applied to divide lightning point datasets into tem-
poral frames. Spatial point clustering methods can take three major types: point quantity-based,
hierarchical and partitioning methods. An overview of existing point clustering methods is



A case study of lightning data 65

provided by (Jain & Dubes 1988). The spatial clustering of lightning data usually relies on a sim-
ple partitioning method based on distances between lightning clusters. Thereby, the basic idea is
to expand the given cluster as long as the distance towards a neighborhood point does not ex-
ceed some threshold. Such a method can lead to arbitrarily shaped clusters and can also be
used to filter out noise or outliers (Han & Kamber 2006). If lightning clusters are identified within
each time interval, connected clusters can be allocated to enable cell tracking. Thus appearance,
changes in size/shape/location/density, merging, splitting and disappearing of each cell can be
investigated (Peters et al. 2014).

Most nowcasting or extrapolation methods are applied on radar or satellite data. Some of them
can be applied on the cells derived from lightning point data. Basically, two principal extrapolation
techniques can be distinguished: area and cell trackers. Area trackers such as Tracking Radar
Echoes by Correlation (TREC) (Rinehart & Garvey 1978) and continuity of TREC vectors (CO-
TREC) (Li et al. 1995) use cross-correlations between temporally separated consecutive pattern
maps to find motion fields. It is common for cell trackers to extrapolate the cell centroid into the
future based on the centroids of the past cells. The simplest method for cell trackers to generate
a forecast is to predict future cells from past cell positions. Here it is common to extrapolate cell
centroid positions. A ‘persistent nowcast’ does not assume any route tendency, whereas a ‘trend
nowcast’ uses trend models in order to capture cell trends from the latest cell history; for example
TITAN (thunderstorm identification, tracking, analysis and nowcasting) (Dixon & Wiener 1993).
GANDOLF (Generating Advanced Nowcasts for Deployment in Operational Land-based Flood
forecasts) (Soul et al. 2002) and SWIRLII (Short-range Warning of Intense Rainstorms in Local-
ized Systems) (Yeung et al. 2007) employ a conceptual model to consider nowcast trends of
lightning cell objects. Thereby, physical knowledge about cell evolution is taken into account.
With regard to cell tracking with lightning data, simple extrapolation based on three or four con-
secutive time intervals of five or ten minute intervals often produces useful results, especially
when cells are not too short-lived (Betz et al. 2008).

In this work, we do not use the term “lightning cell”’, because identified spatio-temporal clusters
differ from the “lightning cells” which refer to thunderstorm clouds in meteorology. Several cells in
a storm track can appear and disappear during intensive interactions within a limited space. Thus,
the cluster itself cannot always be seen as a group of lightning produced from the same cell due
to the temporal sampling in the determination of a cluster (Peters & Meng 2013).

4.1.3. Test data/scenario description

According to Galton’s theory (see 2.1.2) the lightning data forms the spatio-temporal phenomena
and can be viewed with a dual-aspect. The phenomenon behind the occurring lightning is the
moving thunderstorm. Thereby, the moving lightning clusters can be understood as objects or
continuants, while the lightning (lightning points) themselves can be viewed as events or occur-
rences. The dynamic collective in our case is the lightning track; it consists of a lightning cluster,
which comes into existence, moves, merges with other lightning clusters or splits into several
ones and finally disappears.

As test data we used lightning points recorded by LINET, a lightning detection network (Betz et
al. 2009). The test dataset is typical for storms that occur in central Europe. It contains altogether
70007 detected lightning in the region of Central Europe as shown in Figure 4-1 (41,2°N-51,5°N
Latitude and 1,9°E—18,8°E Longitude) and covers the period from 1% until 30" of April 2013. Each
point is encoded with its geographic coordinates (longitude, latitude) as well as the exact lightning
occurrence time.
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Figure 4-1: Lightning test dataset during April 2013
(black: IC lightning, grey: CG lightning, red: country borders).

Furthermore, each lightning point comprises the information about whether the point is an intra-
cloud lightning (IC) or a ground-cloud lightning (GC). In Figure 4-1 altogether 21005 IC lightning
points (black dots) and 49002 GC lightning points (grey dots) are displayed. Table 4-1 provides
two examples of recorded point data.

Table 4-1: Example of given stroke data.

Date Time (hh:mm:ss) Latitude (°) Longitude (°) | Altitude (km)
20130102 10:02:56.747247 41.6565 10.9017 0
20130102 18:11:57.669808 43.8164 14.2545 6.6

For most of the presented approaches in this thesis a subset of the provided data was used. The
subset, as shown in Figure 4-2, contains altogether 8184 detected lightning points (5565 CG and
2919 IC) in the region between Munich, Germany and Prag, Czech Republic (47°N—49°N Lati-
tude and 10°E—12,5°E Longitude) on April 26" 2013 between 2pm and 7pm.
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Figure 4-2: The subset of lightning points (April 26" 2013) on a base map.

The use of a static plot of lightning data as illustrated in Figure 4-1 and Figure 4-2 is limited for
the investigation of the dynamics in lightning data. In order to solve this problem and to visually
explore the past and predicted lightning cluster- and track attributes, we developed interactive
visual explorative tools.

4.1.4. Test data pre-processing

In general, data pre-processing consists of cluster identification, tracking and nowcasting. Then,
processed lightning clusters can be statistically and visually analyzed using a lightning GUI.
Figure 4-3 illustrates the entire workflow including (1) Data acquisition and pre-processing; (2)
Spatial and temporal clustering; (3) Cluster tracking; (4) Prediction of lightning clusters and clus-
ter attributes; and (5) Visual analysis and visual analytics. Referring to the general pre-processing
workflow presented in Section 3.2, the implemented pre-processing steps for lightning data (1-3)
relate to the ‘point events option’ in Figure 3-1. Thus consistency and continuity of this research is
ensured.

Lightl:iing Temporal Lightning Vilsue_ll
point data . Lightnin, exploring
acquisition . acrll:Is:E?it:al - |§usterg . clu.ste:r . tool and
and pre- . tracking prediction Statistical
processing . - prediction Analysis
Generating - .

« Detecting lightning point * i‘yﬁ;ﬁiﬁ:g of lightning /- Visual presentatic_m of\
lightning points groups based clusters clusters and tracked and predicted
(%,y,2,t) using on temporal C\us_ter lightning data
LINET network intervals attributes * Statistical analysis of

« Separate IC and ¢ Spatial clustering * Evaluation lightning data
CG points of each point * Interactive tool (GUI)

e Define spatial group_towards to provide explorative
and temporal \_lightningclusters ) visual and statistical
target range analysis of lightning

\_ data Y.

Figure 4-3: The workflow from data detection to visual analysis.

Firstly, detected lightning point data, were divided into in-cloud-lightning data (IC) and cloud-to-
ground lightning (CG). Thunderstorms and thus lightning usually occur in the lower stratosphere
in an area between 6500 and 60000 feet above the Earth's surface. Consequently, we used only
IC data with an altitude between 2 and 18 km in order to eliminate outliers. If demanded, temporal
or spatial intervals of interest can be applied to the lightning point dataset. Next, lightning point
data were divided into 10 minutes time intervals. This commonly used temporal aggregation
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threshold of 10-15 minutes is suitable to identify movement directions of a weather front. Each
time interval (constant sample rate) had to contain at least 10 points. Based on a 2D distance-
based clustering method (Jain & Dubes 1988) lightning points of each temporal interval were
grouped into lightning clusters by using a threshold of 6 km. Thereby, only x- and y-coordinates of
all points (IC and GC points) were used. The common distance thresholds from the lightning cell
and thunderstorm tracking domain are between 4 and 10 km (Betz et al. 2009; Hering et al. 2004;
Zinner et al. 2008). For the spatial clustering, altitude of IC points was set to zero. In our case, a
2D buffer with a radius of 6 km was applied to each lightning point. All points within overlapping
buffers were agglomerated towards the same group. The resulting groups represent lightning
clusters within the respective time interval. Point groups with less than 10 points were not consid-
ered. Increasing this threshold will eliminate further smaller clusters. In the third step, identified
spatio-temporal clusters were tracked. Clusters were allocated if their 2D convex hulls spatially
overlap within two time sequences. This tracking method was based on (Dixon & Wiener 1993;
Zinner & Betz 2009). A larger buffer threshold would result in fewer but longer tracks — a smaller
threshold in more but shorter tracks. Furthermore, cluster splitting and merging were taken into
account. In the fourth step, clusters as well as cluster attributes were predicted for the near future.
Finally, a concept for visual analysis and visual analytics of past and nowcasted clusters and
cluster attributes is established. It should be mentioned that we did not aim to establish a perfect
tracking and nowcasting solution. Our focus is on enabling users to conduct visual and statistical
exploration of tracked and nowcasted lightning cluster in an integrated system. Table 4-2 gives
an overview of all adjustable parameters within spatio-temporal clustering, cluster tracking and
nowcasting. The parameter values for the test dataset used in this thesis are shown in bold
(Peters & Meng 2013).

Table 4-2: Adjustable parameters within lightning cluster and tracking processing workflow.

Temporal and spatial | * Time interval: 10 minutes
clustering * Points per time cluster: 210
distance-based spatial clustering, distance threshold: 6 km

« Points per cluster: 210

Lightning cluster . . .
9 g » Determine convex hull of each lightning cluster

tracking ) ) o
« Allocate if convex hull border lines of 2 consecutive time inter-
vals overlap
Define the future time intervals: +10/20/30/...+60 minutes
Nowecasting of cluster centroid:
] - Based on last 2 or 3 track centers
Nowecasting

- Direction change threshold: Aa 2 30°
Nowcasting of geometrical cluster attributes:
(density, area, extension)

Decide method:

a) Based on polynomial regression 2" order
b) Based on values of last 2 or 3 track steps

of clusters and
cluster attributes

We applied to our test dataset the proposed pre-processing, temporal and spatial clustering as
well as cluster allocation and aggregation towards trajectories. Table 4-3 provides an overview
about the total amount of initial test data, the quantity of its components (IC and GC points) and
the extracted number of lightning clusters and tracks for the entire month April in 2013 and for the
subset of April 26".
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Table 4-3: Lightning test dataset.

April 2013 | April 26, 2013
Total number of lightning points 70007 8184
No. of CG lightning 49002 5565
No. of IC lightning 21005 2619
No. of tracks 183 11
No. of clusters 948 102

4.1.5. Comparison to similar scenarios

Andrienko et al. (2011c) stated that one of the challenges for researchers within geovisualization
and visual analytics is to deal with different types of spatio-temporal data (e.g. spatial time series,
events, movement data, sequences of satellite images) and find appropriate solutions for the
respective data. In our context we face the challenge of handling lightning points, lightning clus-
ters and derived trajectories. It is important to compare with some similar scenarios. Turdukulov
et al. (2007) focused on precipitating clouds with a set of satellite images (2D) as initial data
whereas in our work 3D lightning point coordinates are used as initial data. Furthermore, the
authors developed a STC with icons, whose radius is proportional to the size of the precipitating
cloud region. Thus they treated clouds as points while in our work lightning clusters are treated as
2D/3D polygons. Moreover, we intend to provide not only a STC, but also a 3D view with help of
an interactive tool which may offer different lightning cluster/track presentations to the user (see
Section 4.2.5). While the concept of cloud cell tracking in (Turdukulov et al. 2007) is similar to our
lightning cluster tracking approach, we want to introduce a variety of visual and statistical repre-
sentations of lightning clusters and tracks. Furthermore, we aim to provide a lightning cluster
prediction approach including visualization of future clusters and their uncertainties.

In the following section, concepts for the visual representation of lightning clusters and trajecto-
ries for 2D, 3D, and STC displays are introduced.

4.2. Representation of lightning data

With the recent improvements in lightning data detection and accuracy, there is a growing de-
mand for multidimensional and interactive visualization of such data. Traditional visual investiga-
tions on lightning data are mainly focused on source data representation on a 2D cell-grid.
Thereby, lightning points were temporally aggregated for each grid cell in order to derive local
lightning density information for a certain time interval. A recent example is provided by Neuwirth
et al. (2012). Figure 4-4 illustrates GC lightning data aggregated for South-German administrative
districts which are colored according the district’s lightning density per square kilometer during
2012.
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Figure 4-4: GC lightning density map for South-German districts 1999-2011, source:
http://www.gdv.de/2013/06/blitz-und-ueberspannung-sorgen-fuer-viele-schaeden/, © Blitz-
Informations-Dienst von Siemens

Lakshmanan et al. (2004) extended the traditional grid-based point aggregation towards 3D
space and integrated a temporal map series into a decision-support system of the lightning warn-
ing. Thereby, lightning points were temporally averaged and spatially smoothed in order to repre-
sent local lightning densities. Furthermore, Resch et al. (2013) suggested a pseudo photo-
realistic visualization of lightning points in 3D. The authors implemented a time slider tool for a
temporal selective visualization of CG lightning points extruded to 3D flash-like pseudo photo-

realistic illustrations.

A lightning or thunderstorm expert needs to have visual and statistical information about each
moving lightning cluster and its geometrical attributes within a temporal and spatial range of
interest. Relevant visual cluster and track information is listed in Table 4-4 together with infor-
mation about their 2D/3D/STC appearance.

Table 4-4: Visual presentation of past and predicted lightning information.

2D 3D STC
Point cloud [ ] ° °
Centroid point [ ] ° °
Convex hull ] ° °
i ° °
Visual Ellipse
presentation of Extension Ellipsoid °
lightning cluster
Rectangle ] °
Cuboid °
Direction indicator (e.g. arrow) ] o °
*Uncertainty buffer [ ] ° °
i ° ° °
Visual Track line
presentation of Track lane ° ° °
lightning track
*Uncertainty buffer o ° °

* only of nowcasted cluster/track


http://www.gdv.de/2013/06/blitz-und-ueberspannung-sorgen-fuer-viele-schaeden/
http://www.giga.de/downloads/microsoft-office-2013/tipps/das-copyright-zeichen-schreiben-in-word-am-pc-und-am-mac/
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As already introduced in chapter 3.3, we basically distinguish between clusters and tracks. Visual
cluster presentations include point cloud (all points inside a cluster), cluster centroid, derived
extension visualizations (convex hull, rectangle/cuboid, ellipse/ellipsoid) and direction indicator
(arrow). The lightning cluster centroid is defined as the geometrical center of k cluster points.
Visual track presentations include track line and track lane (polygon).

Table 4-5 lists graphic variables that are applicable and adaptable for different representations of
lightning clusters and lightning tracks.

Table 4-5: Graphic variables of cluster and track representations.

Track represen-
Cluster representation tation
— o
= . g|g
o el 9l o |
o = (O] — S
oS 3| | || E|2| 5 |5
£8| & 9 Elo ||zl 2|8 L
S8l 5|2z 88|32 o @ | 2
SE|l®| 0| Q|| 5|35 o| e
c ol = = 12 0 &) ol > o | £ >
TS |33 2125l E =
S|IcSeE|l 2|2l == 90|90 & Q)L
S|lo-= | o | ol 8|8 &S
- | = x x ~ = + = +
Clo2|ov|lo|d|lo|S|S|slSI<l<|B
= | 55 S S ) n o & | x| x X 3
Sl ce c c o|l gl o|o]| & % % % Q
Sclog|lo|lo|lEl=E|lo|lo|s5|&| 8] 8|35
OO | O |0 | W|W| X |x|-«x [t I e A el
Form/Shape
[ ] [ ]
(symbol style)
Color (hue, lumi-
. [ ] [ [ ] [ ] [} [ ] [} [ ] [} [} [ J [
nance, saturation)
Size ° ° ° ° ° o | o
Sharpness/Crispness ° ° ° ° o | o
Transparency ° ° . . o | o
Texture (including
Pattern orientation ° o | o | o | 0o |00 | 00| e o
and arrangement)

* only for nowcasted clusters/tracks

In addition, statistical data of geometrical cluster- and track attributes derived from the processed
cluster tracking and nowcasting play an essential role for the analysis of lightning cluster.

Table 4-6 lists all important attributes and statistical data about lightning clusters and tracks. They
could be included in the lightning GUI, thus, currently highlighted/selected clusters or tracks could
be illustrated and analyzed with the help of additional visual tools (e.g. by using diagrams).
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Table 4-6: Attributes and statistical data of lightning clusters and tracks.

Spatial Spatial range (dX, dY, dZ2)

extension

Area, volume

Cluster Point coordinates

location | centroid coordinates or medoid coordinates in case of skewed clusters

Maximum and minimum altitude (coordinates)

Point quantity/density
Lightning | Internal structure : —
cluster Point spatial distribution*
Velocity, acceleration
Movement - .
. i Movement direction
information

Distance to last cluster centroid

Special |Birth, splitting, merging, disappearance, returns, stops

cluster ] ] ] ] o ]
situation | Location/moment of maximum velocity, maximum/minimum altitude, etc.

Uncertainty of nowcasted cluster

Lifetime

Length (distance)

Lightning | Hot spots/extremes of cluster attributes (maximum, minimum)

track Sum of clusters

Track size Sum of points

Sum of area/volume

- Average movement direction (direction tendency represented by a

Movement . Lo . . .
. : linear regression line using all track centroid points)
information _

- Average velocity
Course - Course description (linear / curved, etc.)
description | - Number of stops, returns, splits, merges, etc.

*point spatial distribution will not be further discussed, since each cluster is already a result of a spatial
clustering. It can be assumes, that lightning points within a cluster are irregular distributed.
In summary, we defined ‘what’ to visualize in order to visually exploring lightning data. In the
following, we will demonstrate ‘how’ to visualize the defined representations for lightning clusters
and tracks in 2D, 3D and within a STC.

4.2.1. Lightning cluster visualization concept

A lightning cluster consists of k spatially clustered lightning points, occurring during a certain time
(in our case within 10 minutes). It forms the smallest spatio-temporal interval of interest. Figure
4-5 illustrates 8 different lightning cluster visualizations using plan view: a) point cloud, b) cluster
centroid, c) cluster centroid with quantity-based point size, d) cluster centroid with quantity-based
point color, €) convex hull with grey border line and semitransparent color filling, f) rectangle with
grey border line — defined by the spatial extension of the convex hull, g) ellipse which fits into the
rectangle and h) a combination of convex hull, point cloud and cluster centroid with quantity-
based point size (a,c,e). The figure parts f) and g) are simplifications of the convex hull e). For
option d) the centroid point symbol needs a certain size constant for all clusters in order to recog-
nize and distinguish different quantity-based color fillings.
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b) c) d)

Figure 4-5: Concept for lightning cluster visualization using plan view.

The cluster visualizations (a-h) in Figure 4-5 for the 2D space contain different momentary geo-
metrical information, such as centroid position (b-d), spatial extension (a, e-g) and internal struc-
ture (a, c, d). To get all the information at once, different visualizations can be combined, such as
in h) where the point cloud presents point distribution and density, the centroid circle provides
location and quantity information and the convex hull presents the cluster extension. In addition to
f) and g) the cluster convex hull could also be simplified by smoothing the outer convex hull
borderline. Beside generalization, the convex hull could also be slightly extended up to, for in-
stance, 1km, since the probability of cluster lightning events in the extended buffer area is quite
high. Depending on the data explorer's needs, all above introduced plan view visualization op-
tions could be applied to CG lightning data, IC lightning data or both of them at the same time. If
a plan view and the altitude information are demanded at the same time, the average altitude of
each cluster could be calculated as the mean altitude of all cluster points and related to cluster
symbol color or centroid symbol size.

Figure 4-6 illustrates 10 different lightning cluster visualizations in a 3D space: a) point cloud, b)
cluster centroid, c) cluster centroid with quantity-based size, d) cluster centroid with quantity-
based color, e) cuboid, f) ellipsoid with illumination effect, g) convex hull with semitransparent
color filling, h) convex hull in blue and border lines dark blue, i) the same as ‘g’ including illumina-
tion effect, j) a combination of convex hull, point cloud, cuboid and cluster centroid with quantity-
based cluster centroid size (a,c,e,i). The 3D convex hulls could be smoothed as well. Thereby,
angular edges would be replaced by a smooth geometrical gradient.
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a) b) c) d) e)

Figure 4-6: Concept for lightning cluster visualization in a 3D space.

These 10 suggested cluster visualizations for the 3D space also contain different momentary
geometrical information, such as centroid position (b-d), spatial extension (in a, e-i) and internal
structure (a, c, d). In Figure 4-6-j) various kinds of geometrical information is combined. The
details about properties, pros and cons of each cluster visualization option are provided in Table
4-7. Although the table is based on 3D options shown in Figure 4-6, it is also valid for their 2D
counterparts in Figure 4-5. In Table 4-7 the corresponding 2D sub-figures are noted below each
3D sub-figure reference. Basically, point cloud visualization contains internal structure information
but may lead to overplotting and makes the recognition of cluster centroid and point quantity
difficult. To represent the cluster only through its centroid can be seen as an oversimplification
that misses information about internal structure and cluster extension. However, point quantity
can be provided by adapting the centroid symbol size. The cluster extension can be represented
via convex hull or its simplified options including rectangle or ellipse. The options (Figure 4-6-
e,f,g,h,i) miss centroid, point quantity and information about the internal cluster structure. To
provide comprehensive insight into lightning clusters without overplotting or oversimplification we
suggest a combination of convex hull with 3D effect (i) and centroid with quantity-based size (c).
In case the amount of lightning points is reasonably small, thus no overplotting would occur and
points could be additionally plotted to provide internal structure information. Another option is to
simplify the point cloud through a representative point selection. An approach focusing on that
task will be presented in the following section (4.2.2).
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Table 4-7: Properties, pros and cons of 3D cluster visualization options.

Cluster
visualization

Proper-
ties/advantages

Disadvantages

a) Point cloud

- Detailed internal

- Overplotting

(2D-a) structure - Cluster center and point quantity
- Cluster are difficult to read
extension
b) Cluster cen- - Only - Oversimplification
troid . cluster centroid | - No information about internal
(2D-b) position structure and point quantity
(x,y,2)
c¢) Cluster quanti- - Cluster centroid | - Oversimplification
ty-based cen- o position - No information about internal
troid size - Point quantity structure
(2D-c)
d) Cluster quanti- - Cluster centroid | - Oversimplification
ty-based cen- S position - No information about internal
troid color - Point quantity structure
(2D-d)
e) Cuboid - Cluster exten- - No information about internal

(2D-f: rectan-
gle)

sion (simplified)

structure, centroid position and
point quantity

f) Ellipsoid
(2D-g: ellipse)

Cluster exten-
sion (simplified)

No information about internal
structure, centroid position and
point quantity (illumination may
obstruct the patterns)

g) Convex hull - Basic - No information about internal
without 3D cluster structure, centroid position and
effect extension point quantity
(2D-e)

h) Convex hull - Cluster - No information about internal
with convex hull extension structure, centroid position and
edges point quantity

i) Convex hull - Cluster - No information about internal
with 3D effect extension structure, centroid position and

point quantity

j) Combination of
a,c,eandi
(2D-h: combi-
nation of a, ¢
and e)

Detailed internal
structure

Realistic cluster

extension

- Cluster centroid
position

- Point quantity

Overplotting (in case of large
amount of lightning points)
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One crucial advantage of 3D visualization is its capability of providing altitude information. How-
ever, user interactions such as rotate, pan and zoom are required to adequately explore altitude
and thus 3D cluster information. lllumination effects that strengthen the 3D impression are
demonstrated with ellipsoid (f) and convex hull (i).

Figure 4-7 illustrates four examples for combined visualizations of 2D and 3D lightning clusters:
a) the point cloud shown in both 2D and 3D space, b) ellipsoid and cuboid in 3D space and con-
vex hull in 2D space, c¢) convex hull in 2D and 3D space and d) convex hull with illumination effect
as well as point cloud and cluster centroid with quantity-based centroid size in 3D and convex hull
together with point cloud in 2D space.

a) . b) C) d)

Figure 4-7: Lightning cluster visualization - GC and IC data.

The 3D-impression of cluster convex hull visualization can be enhanced by adding and adapting
shadow-effect, transparency and user interactions.

The number of lightning points could be also a value for the potential danger of the particular
lightning cell. Thus, visualizing such a risk via quantity-based symbol size or color would be an
added value for decision makers and risk analysts. Another possibility would be to adapt the color
filling of the convex hull based on the number of cluster points. Furthermore, cluster movement
information such as velocity, movement direction and the distance to the last cluster centroid can
be included in the proposed visualizations as described in Section 3.3.3. For instance, an arrow
indicates the movement direction and the velocity can be communicated via texting the speed
value or adapting the cluster symbol (e.g. color filling refers to the speed value). Further momen-
tary cluster movement information such as speed and movement direction were not considered at
this point, but presented and discussed in Section 3.3.3. In the following section lightning trajecto-
ry visualization options will be presented and discussed. Our focus is not on the momentary
cluster situations. On a longer time period, a lightning cluster is evolving and forming a certain
trajectory.

4.2.2. Lightning trajectory visualization concept

To visually describe the trajectory of moving lightning cluster, from the moment it comes into
existence until its lifetime ends, we suggest two options: As a strongly generalized solution the
trajectory can be displayed in form of the ‘track-line’, either in 2D or in 3D. The track-line is de-
fined by the chronologically connected cluster centroids belonging to the same track. The line
segment between the neighboring centroids can be a straight or smooth line, passing either
exactly or approximately through the centroids. Basically the track-line contains dynamic infor-
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mation about which entire length the track-line covered, where the cluster arose, where it moved
to, where it split or merged with other clusters, where it reached its maximum altitude (for 3D
visualization) and where it dissolved etc. Furthermore, the length of each track-line segment
(between two centroids) provides information about the cluster speed for that respective time
interval since centroids are calculated for 10 minute intervals. Moreover, track-line symbol (color,
line width) could refer to the respective track ID in order to make it distinguishable among differ-
ent tracks in terms of time interval or cluster density.

The second suggested solution is called ‘track-lane’. In contrast to the track-lines, whose visuali-
zation concept for 2D and 3D space can be viewed as more or less identical, the representation
of track-lanes have to be regarded differently for 2D and 3D space. While the track-line contains
no information about spatial extension of the track, the track-lane as a 2D or 3D polygon over-
comes this drawback. Figure 4-8 and Figure 4-9 illustrate the examples of lightning track visuali-
zation in 2D and 3D space. Besides track-line and track-lane, all track clusters can be visualized
using methods mentioned in section 4.2.1, e.g. by means of cluster points, cluster rectan-
gle/cuboid, cluster ellipse/ellipsoid cluster centroids (optional with point quantity-based symbol
size or/and color) or cluster convex/concave hull.

2) D) <)

Figure 4-8: Various ways of lightning track visualization in a 2D space.

Let's have a more detailed look at the track-lane visualization. The simplest track-lane approach
would be to apply a constant buffer around the track-line. The buffer ratio could be for instance
the mean of all semi-minor axes of the cluster ellipses. A local buffer ratio could also be adapted
to the local cluster extension. An alternative possibility is to use a convex hull based on all track
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points as illustrated in Figure 4-8-i (and in Figure 4-9-i for 3D). A convex hull, however, has the
disadvantage that it may contain large areas without points in case of very low density and une-
ven distribution. This drawback can be overcome by a concave hull (non-convex hull) as shown in
Figure 4-8 j, which is nothing else than the agglomeration of all convex hulls from each time step
(h). In addition, it makes sense to simplify the concave hull outline in order to avoid sharp polygon
edges and improve readability of the track-lane (see Figure 4-8-k). Therefore, a ‘simple moving
average’ (SMA) (Krei3 & Neuhaus 2006) could be used whereby both x- and y-coordinate of each
new concave hull point are determined as the unweighted mean of k (e.g. k=2) previous and k
following neighboring points of the original concave hull polygon.

Figure 4-9 illustrates the counterparts to all trajectory visualization options in Figure 4-8. Only
option k) differs for 2D and 3D. Table 4-8 lists each trajectory visualization option, its properties,
pro and cons — valid for 2D and 3D. Option k) is separately treated. Not mentioned in Table 4-8 is
that 2D options do not contain altitude information.

a) b) i c)
d) e) f)
L ] . o e © £ ] . b ® . *
g) i)
i) 1

Figure 4-9: Various ways of lightning track visualization in a 3D space.

The smoothed concave hull (Figure 4-8-k), the track-line display containing cluster centroids with
quantity-based symbol size (Figure 4-8-e) along with the moving direction could provide essential
track-lane information for a bird perspective. With regard to the 3D space we may calculate on
the one hand the 3D convex and concave hull (Figure 4-9h,i,j). On the other hand, light and
shadow effects can be used to improve the 3D impression (see Figure 4-9-i,j).
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Table 4-8: Properties, pros and cons of trajectory visualization options.

Track
visualization

Properties/advantages

Disadvantages
(for all: no altitude information)

a) Point cloud

- Detailed internal structure
- Track extension

Overplotting

Cluster centroids and point quantity
are difficult to read

No information about cluster steps

b) Cluster cuboids

- Cluster extensions
- track extension

No information about internal
structure, centroid position and
point quantity

c¢) Track-line (connect-
ed cluster cen-
troids)

- Cluster centroid positions

Oversimplification

No information about track exten-
sion and internal structure

d) Track-line and
centroids with
quantity-based cen-
troid color

- Cluster centroid position
- Point quantity

Oversimplification

No information about cluster ex-
tension and internal structure

e) Track-line and
centroids with
quantity-based cen-
troid size

- Cluster centroid position
- Point quantity

Oversimplification

No information about cluster ex-
tension and internal structure

f) Track-line and cen-
troids with quantity-
based centroid size
and color

- Cluster centroid position
- Point quantity

Oversimplification

No information about cluster ex-
tension and internal structure

g) Cluster ellipses

- Cluster extension (simplified)

No information about internal
structure, centroid position and
point guantity

h) Cluster convex hulls

- Realistic cluster extensions
- Track extension

No information about internal
structure, centroid position and
point quantity

i) Track convex hull

- Basic track extension

No information about internal
structure, centroid position and
point quantity

i) Merged cluster

- Realistic track extension

No information about internal

convex hulls structure, centroid position and
point quantity
k) for 2D: - Simplified track extension - No information about internal

Simplified convex
hull

structure, centroid position and
point quantity

k) for 3D:
Simplified point
cloud

- Simplified track extension
- Point quantity
- Internal structure

No information about cluster steps
(centroid positions, moving direc-
tion etc.)

[) Combination of a, e
and h

- Detailed internal structure

- Realistic extension of track
and clusters

- Cluster centroid positions
- Track point quantity

Overplotting (in case of large
amount of lightning points)
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In order to keep point density and distribution information inside the 3D track-lane visualization
we may select only a representative number from all lightning track points — in a way that point
density and distribution are kept. The symbol size of selected points should correlate with local
point density and symbols should partly overlap in order to get track-lane impression/information.
In a previous publication the author introduced point selection methods for the 3D space: one
based on quadtrees (Peters 2013) and the other based on polarization transformation (Peters
2011). We propose an iterative workflow for 3D point selection with symbol size adaption based
on local point densities:

PROGRAM point_selection_with_density_based_symbol_size

REQUIRE P {x,y} Il point coordinates
READ per Il percentage of selected points (e.g. p = 10 %)
READ k Il number of points to be removed in each iteration
sel pts =P I initially selected points (all track points)
REPEAT
fori=1: COUNT(sel pts) II for each of the selected points
[d(i),ID_NN(i)]=density_fct(i,P) /I determine nearest neighbor point and the distance fo it
end
d_sort = SORT(d, ID_NN) Il sort nearest points (ascending) by computed distances
if i ==
READ thresh /I threshold for nearest neighbor distance (e.g. 5 km)
DELETE(thresh, d_sort) Il remove points with distances below the threshold
end
sel _pts = DELETE(d_sort k) Il eliminate k points having the k largest distances

UNTIL COUNT(sel _pts) > COUNT(P) / p
Figure 4-10: Pseudo code for point selection with density based symbol size.

The method is computationally fast and works in 2D and 3D space. The percentage of selected
representative points can be adapted as required. The results are shown in Figure 4-9-k in the
way, the single remote points will be eliminated, but if there is a remote group with two or more
points, the group will be preserved. Thus local and global point density as well as local and global
point distribution is considered. These selected and symbolized points can also represent the
track-lane for the bird perspective.

Looking at visualized clusters and trajectories in a 3D space from a certain static viewpoint may
lead to overlapping and thus hidden information. An advanced solution would be an automatic
displacement of foreground or/and background objects in order to minimalize/avoid hidden infor-
mation. Another option is to increase transparency of foreground objects to enable visibility of
hidden background objects. As described before, track-line and track-lane visualization contain
various movement information. Additionally, the symbol of each cluster step could be adapted in
order to address the cluster movement information. For instance the color filling of the cluster
convex hull could be based on the cluster speed. In summary, Figure 4-8 and Figure 4-9 provide
different combinational visualizations for lightning trajectories. Depending on the users need, the
visualization can reflect trajectory location, extension, internal structure, movement information
and spatio-temporal cluster changes such as varying speed, movement direction, point density
and cluster size.

4.2.3. STC concept

The STC is an appropriate tool for the investigation of the dynamics or a temporal insight into a
lightning trajectory. Figure 4-11 illustrates five different lightning trajectory visualizations using
STC. For each one, three different viewpoints are applied: a) side view from east, b) side view
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from south and c) 3D view/bird view. The first visualization contains all lightning points. Thereby,
the exact occurrence time can be extracted. In a2) cluster centroids are displayed, in b2) cluster
centroids have quantity-based color fillings and in ¢2) cluster centroids have quantity-based sizes.
In 3) centroids are connected to track-lines, in 4) the convex hull are shown and in 5) a combina-
tion of convex hull, track-line and cluster centroids with quantity-based point size is provided.
Convex hulls comprise semi-transparent colors in order to allow visibility of centroids and track-
lines.

Side view from East Side view from South 3D view

al) _ b1) €1)

a2) b2) c2)
° ®
a3) b3) €3)
a4) b4) c4)
a5) b5) c5)
o ° °

3

Figure 4-11: Concept for lightning track visualization using STC.

Using STC provides information about lightning dynamics. In particular changes of cluster posi-
tion, extension and movement direction can be revealed. It would also be conceivable to use an
adaptive cluster convex color based on cluster speed or cluster point quantity. Table 4-9 summa-
rizes properties, pro and cons of lightning cluster and trajectory visualizations for STC. Point
cloud visualization option contains information about internal structure of clusters/trajectory.
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However, in case of large amount of points, overplotting might occur. Visualized centroids and/or
connected centroids miss information about point quantity, internal structure and spatial exten-
sion and are thus seen as oversimplification. Centroid symbol size can be adapted related to
point quantity. Extruded convex hulls contain 2D cluster extension information but miss infor-
mation about centroids, point quantity and internal cluster structure. For an appropriate visualiza-
tion with minimum information loss, we suggest as shown in Figure 4-11-c5) a combination of
extruded 2D cluster convex hulls, point quantity based centroid symbol sizes and track-line op-
tion. As suggested in Section 4.2.2, a point cloud can be simplified via a representative selection
and density-based symbol size in order to keep distribution and local point density information.

Table 4-9: Properties, pros and cons of cluster and trajectory visualizations for STC.

Track Properties/advantages Disadvantages
visualization (for all: no altitude information)
1) Point cloud - Detailed internal structure - Overplotting
- 2D cluster extensions - 2D cluster centroids and point quantity

are difficult to read
- No information about cluster steps

- 2D track extension

2) Cluster centroids, | - Cluster centroid position - Oversimplification

quantity-based - Point quantity (b2,c2) - No information about cluster exten-

Cog)rt_(g/ZE);)fed sion and internal structure
quantity-bas

size (c2) - no quantity information (a2)
3) Connected - Spatio-temporal track-line - Oversimplification
centroids - No information about cluster exten-
sion, point quantity and internal struc-
ture
4) Extruded cluster - 2D cluster extensions - No information about point quantity
convex hulls - 2D track extension and internal structure
5) Combination of 2, | - Spatio-temporal track-line - No information about internal structure
3and4

- Point quantity
- 2D cluster extensions
- 2D track extension

Although the STC misses any altitude and 3D information, it provide a clear overview about the
cluster evolvement while each time interval and thus each cluster as well as the entire trajectory
can be visually explored.

The previous subsections provided a visualization concept for lightning clusters and trajectories
displayed in 2D plot, 3D plot and STC. Common user interaction tools were discussed in Section
3.3.3. Interactive variants of representations that allow dynamic highlighting and filtering accord-
ing to attributes of interests (temporal, spatial, spatio-temporal, or other dynamic thematic attrib-
utes) are crucial for explorative analysis of lightning data. For example, one may want to see all
lightning clusters characterized by high velocity or low altitude during a certain time interval, etc.
Selected objects (clusters/trajectory part) can be displayed without the unselected ones or high-
lighted while showing also the unselected objects. Highlighting of the respective cluster or trajec-
tory symbol is possible via adaptation of visual variables defining the cluster symbol:

o Cluster/Trajectory polygon fill: color, transparency, pattern crispness, texture, animated effect

o Trajectory line and cluster centroid point: size, color, transparency, texture, animated effect
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An interactive tool for adaption of visual symbol variables would allow user-specific highlighting.
Visualizing only selected lightning properties, might result in a change of the pros and cons men-
tioned in Table 4-7 - Table 4-9. For example, displaying only selected points instead of the entire
point cloud will reduce or avoid oversimplification, but detailed information about internal structure
and cluster extension will not be provided anymore.

4.2.4. Cluster and trajectory concepts applied to the test dataset

We applied the suggested visualization concepts for lightning clusters and trajectories to our test
dataset. In the following, the derived visualization results will be presented and discussed. Figure
4-12 illustrates all lightning data of April 26™ 2013 detected in our test area. Lightning trajectories
can be distinguished via track-lines (connected cluster centroids) in different colors. Beside track
lines, cluster centroids are drawn with a spherical radius indicating the varying cluster point quan-
tity. This static 2D plot reveals the information of where certain lightning events took place, but we
are not able to temporally distinguish them.
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Figure 4-12: A plan view showing the track line of cluster centroids with point quantity-based symbol
size and color.

Figure 4-13 focused on track-lane information of the test data. The 2D track-lane visualization
(concave hull of all track points) provides a quick overview about where the lightning clusters
occurred and moved to. The track-lane visualization approach in 3D add more detailed infor-
mation about lightning point densities and distribution, while at the same time it also contains the
general information about the entire track location and extension. The 2D and 3D approach are
complementary when they are displayed side by side.
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Figure 4-13: Track-lane presented in 2D and 3D (selected points).

Furthermore, Figure 4-14 presents more details about point selection and symbol adaption in 2D
and 3D. Two alternatives with the selection of 33% and 10% are demonstrated where the red
dots indicate the selected points from the original ones in black. Figure 4-14 b,c,g,h deals with
873 points from 2619 while Figure 4-14 d,e,l,j with 261 selected points. The selected points
represent the track-lanes with symbol size and color indicating the relative point quantity and the

corresponding track.
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Figure 4-14: Track lane derived from selected points with point quantity-based symbol size.
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The 3D view in Figure 4-15 involves 2D and 3D track-line together with cluster convex hull and
points at one time interval.
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Figure 4-15: Track-line together with cluster convex hull and points at one time interval (5:00-
5:10pm).

Figure 4-16 illustrates a STC including cluster scopes with semi-transparent 3D convex hulls.
Moreover, trajectory lines and lightning cluster centroids are shown with a changing spherical
radius indicating the point quantity. Another way to represent cluster point densities would be the
use of changing luminance of the cluster polygon.
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Figure 4-16: The STC with convex hulls and centroids of quantity-based symbol size and color.
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In Figure 4-17, the 3D view includes 3D lightning points colored in accordance with the associat-

ed trajectory.
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Figure 4-17: The STC with all lightning points.

Besides, we calculated various statistical information of each lightning cluster and track. Table
4-10 lists the derived information about the largest track occurred during April 26™ 2013 and its

largest cluster.

Table 4-10: Important lightning track attributes.

Largest track Largest cluster

(occurred during April26th 2013): (occurred inside the largest track):
Track lifetime (h) 4,5 No. of lightning points 281
No. of lightning points 5588 No. of CG lightning 134
No. of CG lightning 3919 No. of IC lightning 147
No. of IC lightning 1669 Longitude-extension (km) 33,17
No. of clusters 65 Latitude-extension (km) 36,63
No. of time intervals 39 Altitude-extension (km) 6,8
Track line distance (km) 260 Altitude-minimum (km) 29
gﬂriirrlgzir%k) altitude, above 7,24 Altitude-maximum (km) 9,7
Track lane area (km?) 7740 Cluster area (km?) 655
Track lane volume (km®) 71011 Cluster volume (km®) 2210
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4.2.5. Visualizing predicted lightning data

When visually analyzing dynamic phenomena such as lightning data, the interactive visual explo-
ration plays a crucial role for the decision-making process. Our GUI (see 4.2.5) includes the same
visual lightning cluster information (see Table 4-4) for predicted/future situation as for past time
intervals. Figure 4-18 shows examples of predicted lightning data (26.4.2014, 5:30-6:20pm). The
current time (“now”) for the nowcast analysis was set to 5:30pm on April 26" 2013 when alto-
gether four cluster tracks were present. The cluster locations, extensions and densities for the
near future (next +10, +20, +30, +60 minutes) were predicted. The four nowcasted time intervals
of geometrical cluster attributes are based on attribute tendency of the last three time intervals.
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Figure 4-18: Nowcasted lightning data 26.4.2014, left: 2D view, middle: 3D view, right: STC.

On the left side of Figure 34, cluster 2D convex hulls are presented in a plan view. In the middle
3D convex hulls and cluster centroids with quantity-based symbol sizes are illustrated in 3D. On
the right side a STC plot represents cluster extensions and nowcasted cluster centroids sur-
rounded by spheres which reflect the possible spatial range for the predicted centroids. In all
three illustrations the past track-lines are illustrated, thus provide the cluster history relating pre-
dicted, present and past information/situations. Figure 4-18 clearly illustrates a change of cluster
extensions (convex hulls) and cluster intensity (the centroid size is based on predicted number of
lightning points). An alternative to visualize the cluster intensity would be assigning a point quanti-
ty-based size or color to each cluster centroid. Likewise, further statistical and attributive cluster
and track data are nowcasted considering the attribute tendency. Through an interactive use of
the GUI, 2D view, 3D view and STC can be visually explored in more detail (via pan, zoom, rotate
etc.).

4.2.6. Lightning nowcasting, uncertainty and visual presentation

Lightning cluster nowcasting is a complex process and up to date research topic, involving not
only detected lightning, but also various further atmospheric data and modeled processes. In our
work, the focus is on the visualization of predicted lightning clusters and their attributes. Thus, our
approach is rather simple, purely geometric for the demonstration purpose and has been already
published in (Peters & Meng 2013). We decided to project the future lightning cluster situation in
10, 20, 30 and 60 minutes (At). Nowcasted cluster locations are based on the extrapolated clus-
ter centroid as shown in Figure 4-19 and Equation 3.

Equation 3:

L U, 4V _
P =P, +—2—2.At  whereby V, =—-
At
With our ‘simple’ nowcasting method we can predict the near future position by taking cluster

speed and direction changes of the last three temporal intervals into account. The velocity vector
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of the last two cluster centroids is determined based on their positions (Pix). We assume a mo-
mentary cluster velocity as the mean of the velocity (v) of the previous two cluster centroids.
Moreover, direction changes (a) were considered. In order to avoid the tight curves of the now-
casted cluster trajectory, we suggest configuring a threshold for the value of a. Besides, a* corre-
lates with the prediction moment in the future (At) (see Figure 4-19). In other words, the longer
the prediction time the larger the a*. In case a cluster trajectory only contains two centroids, o*
will be given a value of 180°. The method has been implemented for 3D scenarios (Peters et al.
2014).

Figure 4-19: Cluster centroid nowcasting concept for 2D.

Furthermore, cluster attributes, such as cluster area or point quantity, can be predicted based on
the attribute values (p) of the previous two, three or four temporal intervals. One considerable
extrapolation method for lightning cluster attributes is the polynomial regression (of the second
order), according to which the cluster centroid coordinates are described in Equation 4:

Equation 4:
p(x) =pixy, +px, — 1+ +px+p,+1

The coefficients of a polynomial function p(x) of degree n in Equation 4 are determined following
the least square principle. The outcome p is a vector of the length n + 1 containing the polynomial
coefficients in descending powers. The polynomial function has the disadvantage of having val-
ues which are unrealistically high or below zero.

To circumvent the drawback, we developed a rule-based cluster prediction method for lightning
cluster nowcasting, which is based on cluster attribute values of the last three time intervals.
Thus, only the tendency of value change (increasing/decreasing of ca. 10/20/...%) is reflected in
the predicted cluster attribute values.

The accuracy of the extrapolated cluster centroids can be evaluated and improved with a learning
model which allows the comparison of the predicted centroid locations and attribute values with
updated ones. After each update the nowcast parameters are adapted until a threshold for ao* is
reached. The mean differences between predicted and updated values indicate the degree of
prediction uncertainty. Furthermore, measurement errors can be incorporated in the certainty
model. Assume that the measurement accuracy for cluster centroids is the same as for detected
lightning (acc = 150 m), a positional uncertainty (u) for nowcasted centroids (P«) can be calcu-
lated by considering the future time interval (k) and the maximum inaccuracy between the last two
cluster centroids according to Equation 5:

Equation 5:
u(Pr,y) =acc x (k+2)
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Thus, the 2D uncertainty for predicted lightning cluster centroids results in an estimated value of
450m for a 10 minutes nowcasting (k = 1), 600m for 20 minutes (k = 2) and so on. The positional
inaccuracy in 2D and in altitude may accumulate and propagate from the previous time intervals
to the proceeding ones. Consequently a cluster centroid uncertainty average of about 10 km
leads to an altitude accuracy of 1 km (acc). Our elementary lightning cluster prediction approach
was applied to our test dataset. It is possible to perform cluster prediction at any time within the
temporal range defined as “now”. To verify nowcasting results a past analysis was conducted.
Test data were separated into 10 minute steps and predicted centroids were calculated. Succes-
sively, predicted geometrical cluster attributes such as centroid locations were compared with the
updated ones.

One way to proof our rule-based cluster prediction method is to extrapolate geometrical cluster
attributes (e.g. cluster centroid coordinates) - based on the last three time intervals - for each past
time interval and compare the ‘nowcasted’ results with the ‘updated’ information. Updated infor-
mation is understood as the originally derived cluster attributes based on spatio-temporal cluster-
ing of lightning points as described in section 4.1.4. Figure 4-20 illustrates the accuracy by con-
necting the associated ‘nowcasted’ and ‘updated’ cluster centroids for plus 10 minutes future
prediction via thinner lines. The thicker lines connecting the ‘updated’ cluster centroids represent
the lightning track-line. The illustration shows that if lightning clusters are moving more or less in
the same direction, the past-processed ‘nowcasted’ centroid locations match well with the ‘updat-
ed’ centroids.
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Figure 4-20: Past-processed ‘10minutes nowcasted’ and ‘measuring-based updated’ centroids.

Geometrical and semantic cluster attributes are nowcasted using our rule-based cluster predic-
tion method. Figure 4-21 illustrates the centroid deviation histogram. The distance of predicted
centroids to the updated ones defines the cluster position accuracy. Thereby, around 90% of the
predicted cluster centroid locations could be detected with accuracy of less than 10km. Further-
more, nearly 10% of the predicted cluster centroid locations could be determined with accuracy
between 10 and 20km. It can be added, that, since we only used aggregated data within our
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nowcasting model, the prediction calculation is computationally performed much faster than if all
initial points are included.

. Histogramm

frequency
B R NN W Wb B
cwowuonmonm
| I N SN SN N S E—

o wun
L

UL SR N G
centroid deviation

Figure 4-21: Centroid standard deviation after past-processed prediction of each time interval.

For the uncertainty visualization of predicted lightning data, adapted intrinsic visual variables or
extrinsic visual variables (see Section 2.6) can be applied.

For the nowcasted lightning clusters, an uncertainty buffer - an extrinsic visual variable - can be
illustrated demonstrating the accuracy of the predicted cluster location/extension. Figure 4-22
demonstrates the concept for certainty/probability visualization of nowcasted cluster
extension (convex hulls). On the left, the lightning cluster centroid and convex hull of the
last two time intervals (‘now’ and ‘minus 10 minutes’) together with the track-line are
presented. On the right, the predicted lightning situation including track-line, cluster cen-
troids and convex hull together with cluster extension uncertainty buffer are shown. A semi-
transparent fawn color was used for the buffer. The ratio of the uncertainty buffer ratio is correlat-
ed with the future time interval (‘now’ +10, +20, +30 minutes). The buffer size was determined
using our nowcasting uncertainty concept, which is purely geometric and only for the demonstra-
tion purpose — as described in Equation 5. The middle part of Figure 4-22 combines past and
predicted visualizations.

Figure 4-22: A buffer representing the prediction uncertainty of nowcasted lightning cluster (left: last
two lightning clusters; right: predicted clusters with uncertainty buffers; middle: past and predicted
clusters).

The buffer polygon symbol, including outer line type, width and color as well as polygon color and
transparency (intrinsic visual variables), can be adapted depending on the map users need.
Another option is to apply a smooth color gradient to the filled buffer, reflecting the uncertainty
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decrease towards the outer buffer border line. Furthermore, a circular buffer could visually pre-
sent the location certainty of a predicted lightning cluster centroid. In other words, the buffer
would reflect the possible spatial range for the predicted centroid. The inclusion of additional
visual tools (as the probability buffer) may support the analysis of potential dangers caused by
lightning. The nowcasted centroid and cluster buffer apply as well for STC or 3D view in the form
of 3D buffer using the similar buffer size as for 2D view. A further option is the use of an extruded
cluster footprint along the positive z—axis instead of a 2D cluster buffer, whereby each extrusion
height is equal to the respective buffer size of each cluster. The extrusion representing prediction
uncertainty, can be applied as well to the nowcasted centroid in form of a bar or column. Fur-
thermore, the contour line visualization (Scheepens et al. 2014) described in Section 2.6, would
also be reasonable for representing uncertainty of predicted lightning centroids.

4.2.7. Interactive graphic user interface

Using an interactive graphic user interface (GUI) supports the movement analysis of lightning
data. Peters et al. (2014) introduced the lightning-GUI including a 3D-view together with a STC
approach. This GUI was enriched and extended for the investigation of nowcasted lightning data
in (Peters & Meng 2013).

Using our interactive lightning-GUI, the user should be able to:

e Access lightning point coordinates (x,y,z,t)

e Change between 3D-view (x-y-z) and STC (X-y-t)

e Choose and/or combine various representations for lightning clusters and tracks
e Visually perform lightning cluster prediction for the next 10, 20, 30, ..., 60 min

¢ Adjust graphic variables for lightning clusters and trajectories

e Select lightning data for certain spatial and/or temporal intervals

e Visually explore lightning data via zoom, rotate, pan, animate etc.

e Add base map for better orientation

e Enable additional graphics for visual exploration of lightning cluster attributes

To provide the best performance, different visualizations of lightning clusters and tracks, such as
cluster ellipsoid and convex hulls, should be pre-processed and downloaded during the interac-
tive use of the GUI.

The outlook of our GUI is shown in Figure 4-23. It is possible to spatially and/or temporally limit
lightning data in order to focus on specific time intervals or/and areas of interest. To the left,
different representations of past and nowcasted clusters and tracks can be selected, enabled and
combined. Nowcasting can be performed for the next 10, 20, 30 or 60 minutes. Moreover, interac-
tive visual exploration of lightning data might be facilitated via zooming, rotating, panning and
animation. For currently displayed data, either 3D view (“XYZ view”) or the STC can be chosen.
The time slider can be used to select a certain time interval. Thus, it is possible to adapt the
current map display for a specific moment of time or, with the use of the ‘hold on’ button, for a
time period of interest.
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Figure 4-23: The GUI for interactive data exploration of the lightning data dynamics.

Two complementary visualization concepts are implemented: the 3D view and the STC. The 3D
plot provides altitude information, whereas temporal information is missing. Within the 3D view,
overlapping can arise when clusters occur to different moments at the same location area. The
STC provides the temporal insight but misses the altitude information. The combination of both
provides a variety of information about the lightning cluster dynamics. By changing the view
perspective within the STC, an observation from above (top view) as the traditional 2D plot can
be obtained. The GUI enables the user to combine or switch between different visualization
options for lightning clusters, tracks and cluster-/track attributes. Furthermore, the GUI supports
an interactive visual analysis of the currently displayed lightning data and their attributes. Statisti-
cal values of cluster- and track attributes (minimum, maximum, mean values etc.) could be dis-
played on demand using additional graphics with maximum values being highlighted in all current
plots/graphics (Peters & Meng 2013).

As defined in Section 2.3, dynamic visual effects can be created by means of symbol blinking,
flashing, bubbling, sparkling, throbbing, erupting, sinking, exploding, rotating or shaking on
screen. These actions can be triggered to indicate lightning cluster movements on 2D or 3D maps
as well as in a STC. Each action can be related to the spatio-temporal change of an object. Then,
the action sequence should be set. Some fundamentals for dynamic visual effects in maps are
provided by Buziek et al. (2000). These effects can be synchronized with their associated infor-
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mation in non-cartographic displays (e.g. highlighting respective values in a time plot). Detected
moving clusters could be highlighted via blinking effect. The important aspects of lightning cluster
movements that can be emphasized by the dynamic effects include perceptual salience, thematic
relevance, design and user characteristics. We prefer the use of animations with a time slider,
showing symbol emerging and disappearing while changing the time settings. The user can either
define a specific moment of time or time interval the data will be displayed. While operating the
slider step by step, all cluster movements (birth, changes, existence ceasing) are visible. Thus,
the occurrence of individual lightning events (points) containing exact time information as well as
derived moving lightning clusters and trajectories can be explored through the use of the time
slider. The slider can have fixed steps or elastic intervals. The elastic ones can be adapted when
cluster states change. For our case it is also reasonable to change symbol transparency in order
to create a fading effect of disappearing clusters, which on the other hand could provide infor-
mation about the cluster moving direction.

4.3. Density maps for dynamic lightning data

Section 4.3 is based on (Peters & Meng 2014a, b), which proposed a novel approach for the
creation of a 2D density surface — using contour intervals — for spatially and temporally changing
points representing a SEP, applied to our lightning test dataset.

4.3.1. STDmapping method

First of all, density contour maps can be derived from point datasets using KDE while an optimal
kernel bandwidth can be calculated according to Silverman’s formula (Silverman 1986). In our
work we deal with a lightning point dataset representing a dynamic phenomenon. Thus, instead
of creating a single density contour map of the entire point dataset, we applied KDE in each case
to all points belonging to the same lightning track. Thereby, lightning points are clustered, after-
wards allocated and aggregated to trajectories. In doing so, a temporal clustering is applied to the
initial point dataset using a time interval of one hour. Subsequently, all points within each tem-
poral interval are spatially clustered using a buffer threshold of six kilometers.
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Figure 4-24: KDE map (left) and colored points based on temporal clusters (right).
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In the resulting spatio-temporal clusters, the spatially overlapping parts within two time sequences
are detected and afterwards allocated and aggregated to lightning trajectories. Further details of
the temporal and spatial clustering of lightning data including explanations for thresholds can be
found in (Peters et al. 2014; Peters & Meng 2013). The results of the density contour maps de-
rived for the test dataset (lightning points during April 26™) are shown in Figure 4-24. Thereby all
points, CG and IC points, projected onto the plane, of the three largest tracks were considered
(see also Figure 4-2 and Figure 4-12). The importance of grouping dynamic points into tracks is
discussed in the next section.

The resulting density contour layers in blue tones do not bear any temporal information. Never-
theless, the aforementioned temporal point clustering method provides time information for each
lightning point. Figure 4-25 illustrates our initial point dataset whereby lightning points were seg-
mented and colored according to the different time intervals, thus reveal the dynamic changes. In
doing so, we used a time interval of 1 hour starting at 2pm for the temporal clustering. The over-
lapping convex hulls surrounding all spatially clustered points of the same temporal interval are
allocated — as clearly visible in Figure 4-25 - to altogether three different trajectories.
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Figure 4-25: Temporally clustered point data.

Three main moving lightning clusters are perceivable within the test area. Their geo-graphic and
temporal locations are apart from each other with one formed at lower left part and one upper left,
both starting around 2pm and the third one upper right occurring around 4pm. All clusters are
moving north-eastwards. The upper left cluster disappears around 5pm, whereas the lower left
and the upper right last until 7pm. As mentioned before, traditional density mapping does not
contain temporal information. Clustering and allocating dynamic point data (in our case lightning
points) towards trajectories provides information about data movement (speed, direction, etc.). In
the following we introduce a method which includes movement information, i.e. dynamics in KDE
mapping. In other words, we suggest a solution to incorporate temporal information of moving
points (as illustrated in Figure 4-25) inside the density contour intervals (as shown in Figure 4-24).
An overview of our suggested method is illustrated through an overall workflow in Figure 4-26.
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Figure 4-26: The workflow of STDmapping of lightning data.

First of all a density contour map using KDE is created. Additionally, the given point dataset (see
Section 4.1.3) is temporally and spatially clustered. In the next step, the overlapping clusters (in
case they are temporally successive) are detected and after that allocated and aggregated to
independent tracks. Cluster centroids are embedded in the trajectories. A detailed description
about these steps can be found in (Peters et al. 2014). A linear approximation of each track
results in a straight tendency line, which represents the average moving direction of the point
cluster. The linear approximation can be based either only on the cluster centroids or on the
entire point datasets of a track. If the projected trajectory is curved rather than straight, the ten-
dency line can be approximated by a polyline connecting the cluster centroids. In our case, a
cubic spline interpolation function is used to fit a curve through the cluster centroids (De Boor
1978). Consequently, we have on the one hand the density surfaces represented by layered tints
between neighboring contour lines and on the other hand the tendency line with either abrupt or
smooth transition at borders of temporal clusters. This temporal border is a line perpendicular to
the tendency line passing through the average locations of all points within a certain period (in
our case 10 minutes) before and after a temporal border (e.g. full hour). If the phenomenon is
moving, all points between two temporal borders (e.g. between “2pm line” and the “3pm line”) are
grouped into the same temporal interval (period: “2pm - 3pm”). The next question is how we can
incorporate the dynamics inside the density map. The idea is to divide the tendency line into
temporal parts, which will in turn guide the segmentation of the density surface. Figure 4-27
illustrates two different ways of tendency line determination. In the left part, all points of an exem-
plary lightning track are colored according to the temporal cluster they respectively belong to. The
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cluster centroids are presented as black dots. A straight tendency line representing the general
movement direction of the lightning cluster is based on the coordinates of all cluster centroids.
The temporal borders in red are detected and vertically aligned to the straight tendency line. The
locations for temporal borders can be defined by the half distance between two temporally suc-
cessive cluster centroids, or, by the centroid of the overlapping area of two sequential temporal
point sets.

Figure 4-27: Temporal clustered points and cluster centroids in black with straight tendency line and
perpendicular temporal borders (left) and with curved tendency line and perpendicular temporal bor-
ders (right).

In the right part of Figure 4-27, the tendency line is represented by a curve determined through
cubic spline interpolation of all cluster centroids. The temporal borders in red are defined again as
perpendicular lines of the curved tendency line. Thus, temporal border lines are not arranged
parallel to each other as in the case for the straight tendency line. However, for very small tem-
poral clusters (clusters of low velocity or very small temporal thresholds) temporal border lines
are much closer to each other and thus — due to the curved tendency line route — they are almost
parallel to each other. Nevertheless, it could be also possible that two sequential temporal bor-
derlines intersect each other (in particular if the tendency line is strongly curved). In this case, the
respective intersecting temporal borderlines need to be partly merged as shown in Figure 4-28.
Thereby, different temporal segments are illustrated in different colors (beige, green, blue) and
temporal borders in red. We suggest combining the two intersecting temporal border lines from
the intersection point onwards towards the outer cluster extension in a way that each of both
temporal border lines forms the same angle with the continuing merged border line part.

Figure 4-28: Suggested solution for intersecting temporal border lines (red).
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In the next step density contours are separated through temporal borderlines into temporal sur-
face segments as illustrated in Figure 4-29. As described before, temporal borders can be either
parallel if they are based on a straight tendency line (see Figure 4-29 left) or temporal borders are
perpendicular to the curved tendency line and thus non-parallel. Furthermore, thresholds for
temporal borderlines can be applied for smooth color transitions. (see Figure 4-29 right)

Figure 4-29: Density contours with temporal borders based on a linear tendency line (left) and with
temporal borders and thresholds for smooth color gradients based on a curved tendency line (right).

Different temporal surface segments carry different color hues. Within the same surface segment,
the color hue remains the same but its intensity varies with the change of density. In our ap-
proach, we adopted the “rainbow color scheme”, which is essentially the visible and continuous
electromagnetic spectrum. Its main color hues transit from red, orange, yellow, green, blue to
violet. The spectrum can be divided into an arbitrary number of intervals. Users may easily antici-
pate and comprehend the color transitions. In our approach, we assign each time interval to a
certain color hue — the medium color of the rainbow subinterval. Figure 4-30 exemplary illustrates
eight different rainbow color hues with each being displayed in up to six different color intensities
from light to dark. For instance, the red color scheme refers to time period 1 and contains six
different red tones, which are related to six different density values/value intervals. We split the
entire time of our dynamic dataset into equal time intervals. The interval size can be determined
based on the user’s interest. Hue represents time (e.g. discretized at 1 hour intervals) and color
intensity corresponds to the density of observations (low intensity refers to low density and high
intensity to high density). A continuous color scheme should not include more than three hues,
otherwise the visual perception may suffer. An exception is the rainbow scheme. Most people
know the differences in short and long wavelengths of visible light and are therefore familiar with
the rainbow color gradation.



A case study of lightning data 98

period 8

period 7

period 6

period 5

period 4

period 3

period 2

period 1

Figure 4-30: Rainbow color scheme.

We decided to use the rainbow color scheme in order to fulfill the following two criteria:

(1) ‘Clear differentiation’: colors of adjacent segments should be clearly distinguishable from
each other. In particular, the brightness spectrum from low to high intensity should be dis-
tinct for each color hue from those of the others.

(2) ‘Continuity’: The color hues including their different intensities should represent the move-
ment, thus, consists of a continuous color gradation. From the first hue allocated to the first
temporal interval to the last one, the map user should be able to visually detect this continu-
ity through a continuous color scheme. This color scheme has to be commonly
known/familiar and intuitively understandable.

In literature, rainbow color maps are commonly used, but often are considered as harmful for
continuous data (Borland & Taylor 1l 2007). The arguments against rainbow schemes include the
inappropriateness for colorblind people, the appearing of divisions between hues which lead to
visual “edges” in the map, the meaningless spectral order of the hues and difficulties to recognize
details. In particular to differentiate qualitative and quantitative attributes through polygon hue, the
use of the rainbow scheme is often criticized. Figure 4-31 illustrates five different color scheme
approaches for the STDmap using the rainbow color scheme (a) and four alternatives involving a
color gradient from blue to purple (b) as well as three color scheme from Colorbrewer.org (Brewer
& Harrower 2014): sequential multiple hues (c), sequential single hue (d) and diverging (e).

To visualize continuous data, often bipolar color illustration is used. On the other hand, also the
rainbow color scheme is frequently used, for example to visualize the earth gravitational field
(geoid anomalies) or illustrate weather-related intensities, such as storm severity (Wicklin 2013).
Although the rainbow color scheme with its color gradation is commonly known, the continuity
information based on color gradation might be easier to identify in the options provided in Figure
4-31-b,c,d,e. In Figure 4-31-c,d,e individual contour segments are difficult to identify due to the
use of/color transition to white or yellow. Although the movement of the SEO in time is clearly
visible in Figure 4-31-b, individual neighboring temporal segments could be confusing — which is
not the case in Figure 4-31-a. To fulfill/combine the two contradictory criteria of the continuity and
the clear differentiation, we have to make a compromise. The rainbow scheme might be more
appropriate for some cases while a continuous color scheme involving 2-3 hues might suit better
for other applications. For our STDmapping approach, we preferred to use the rainbow scheme.
However, a user test is needed to verify the proper use of rainbow color scheme for our STDmap.
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Figure 4-31: Different color scheme approaches.

With regard to the division of density surface by means of the temporal tendency lines (following
either a straight or a curved route), we introduce the perpendicular lines to each tendency line as
the temporal borders between the two neighboring time intervals of the underlying KDE map. The
color transition between two temporal segments can be either abrupt or smooth. In case of
smooth temporal borders, a defined threshold for the smooth color transition is set. The threshold
refers to a certain time before and after the abrupt temporal borders. That leads to two parallel
border lines — one to the left and one the other to the right of the abrupt border line. The distance
(time) between each smooth border line and the respective abrupt border line can be constant
and variable. Thus, our STDmapping (spatio-temporal density mapping) approach provides a
solution for the visual incorporation of temporal information within density surfaces of layered
tints.

4.3.2. Implemented STDmapping approach - results and discussion

The density visualization option ‘KDE for dynamic points’, as described in the previous section,
was applied to our test dataset, containing lightning points during April 26th 2011. We applied
both our proposed STDmapping approach and the commonly used KDE method. Applying the
latter traditionally for each spatio-temporal cluster, a segment of density map with layered tints
was produced as illustrated in Figure 4-32-a, which however is not satisfying due to parts of
overlays and occlusion. It leads to a loss of certain local and of the overall density information.
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Figure 4-32: Segmented KDE in one map (a: no transparency, b: transparency of 50%).
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Applying transparency does not solve this drawback adequately. Due to the fact, that the density
contour intervals of each temporal interval have the same hue but differ in color intensities, a
transparency changes the intervals with low intensities to almost invisible — even if a contour
border with a slightly more intense color is added as shown in Figure 4-32-b. Moreover, hidden
parts of overlapped contour intervals in Figure 4-32-a are not sufficiently recognizable in Figure
4-32-b in which all contour intervals have a transparency of 50%. Thus, using KDE maps for each
spatio-temporal cluster provides only direct depiction of time for non-overlapping contour surfac-
es. Furthermore, visual exploration of density information in the overlapping parts is only possible
for the surface on top; in case transparency is applied it is very difficult. Another disadvantage
occurs when one is interested in density information including points detected shortly before and
after the temporal interval border. By applying the new STDmapping approach to our test dataset
and following the workflow in Figure 4-26, we created eight different output maps (Figure 4-33-
a,b,c,d, Figure 4-34-a,b,c,d). The temporal borders were based on either the straight (A) or
curved lightning cluster moving tendency lines (B). Furthermore, we used two different temporal
thresholds: one hour respectively 30 minutes. Moreover, we applied the abrupt and the smooth
concept for color gradients between temporal segments.
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Figure 4-33. STDmap with abrupt (left) or smooth (right) color gradient based on straight tendency
lines and the temporal interval of one hour (above) or 30 minutes (below).
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Figure 4-34. STDmap with abrupt (left) or smooth (right) color gradient based on curved tendency
lines and the temporal interval of one hour (above) or 30 minutes (below).

Four figures illustrate results for spatio-temporal density maps (STDmaps) based on straight
tendency lines with the interval of one hour in Figure 4-33-a and Figure 4-33-b and 30 minutes in
Figure 4-33-c and Figure 4-33-d. The color gradients between temporal borders are abrupt in
Figure 4-33-a and Figure 4-33-c and smooth in Figure 4-33-d and Figure 4-33-d. Using straight
tendency lines, the temporal borders appear parallel to each other, in particular with abrupt color
gradients. Larger distances between sequential temporal borders refer to a faster movement
phase of the dynamic phenomenon, whereas the closer successive temporal borders indicate a
slower movement of the lightning clusters. When fewer temporal segments are used (e.g. five
segments in Figure 4-33-a), the map reader may fast and easily extract the distinctive temporal
information. When a larger number of temporal segments are used (e.g. in Figure 4-33-c), the
map reader has to distinguish between more different colors referring to temporal information.
This explorative interpretation becomes more effortful. On the other hand, more temporal seg-
ments reveal more details and may thus enable a more comprehensive insight in the dynamics of
the data (e.g. temporal change of local point density).
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Four further figures illustrate the results for STDmaps based on curved tendency lines. The inter-
val of one hour was used in Figure 4-34-a and Figure 4-34-b and 30 minutes for Figure 4-34-c
and Figure 4-34-d. The color gradients between temporal borders are abrupt in Figure 4-34-a and
Figure 4-34-c) and smooth Figure 4-34-b and Figure 4-34-d).

A comparison of the results from the straight tendency line with those from the curved tendency
line (e.g. Figure 4-33-a with Figure 4-34-a using five temporal segments or Figure 4-33-d with
Figure 4-34-d using 11 temporal intervals) clearly shows the visual similarity of STDmaps, par-
ticularly in case of a rather large threshold for temporal borders. It can be obviously perceived in
all STDmaps that the entire density information is clearly visible while the temporal information
about phenomena dynamics in terms of speed and moving direction provides the added value. All
lightning clusters are moving northeastwards. The upper left cluster is moving faster around
3:30pm than at any other time and it had two density peaks around 3pm and 4pm.

The clear-cut temporal cluster borders reveal another advantage: Density information in layered
tints within each specific time interval is clearly visible and separable from neighboring segments.
The smooth color transitions between neighboring segments are closer to the reality and corre-
spond better to the visual perception: lightning points occurring for instance some minutes after
3pm can be located inside the 2-3pm segment and points appearing some minutes before 3pm
might be placed inside the 3-4pm segment. With the help of an adaptive slider, the smoothing
effect can be set for a small time interval (e.g. 2:55pm — 3:05pm) or a large one (maximum
smoothing interval: half of the time interval left and right of the temporal border, e.g. 2:30pm —
3:30pm). Moreover an elastic slider enables the use of different smoothing intervals adaptive to
the cluster overlap and thus to the changing cluster speed. In our case we used a threshold of 10
minutes (five minutes before and after each abrupt border line). For an easy comprehension, we
suggest to limit the number of colors (time intervals) to no more than about 15.

In case of very extensive temporal range, the brightness of the same tone within the same inter-
val can be adopted. For instance, 24 hours can be cut into six by four hours intervals. Within each
interval four different brightness of the same tone can be used.

In order to verify the proposed color mapping, an extensive user evaluation is necessary.

STDmapping approach is suitable for constantly moving SEOs. The approach creates a seg-
mented contour interval for each track. However, the use of abrupt color gradients may lead to
temporally wrongly assigned points. The tracking and in particular used clustering method (dis-
tance threshold) as well as the temporal segmentation (time intervals and tendency segmentation
model) are decisive for the allocation of points to the temporal segments. These decisive steps
(parameters) can be adapted to different moving situations along the trajectory. For example, in
case a moving SEO changes its speed along the track, temporal intervals and smooth zones
could be defined differently in order to reduce wrongly assigned points.

Figure 4-35 illustrates the temporally wrongly assigned points (in black) detected in the STDmap
for our test dataset while using a temporal interval of one hour and a linear tendency line. On the
left hand side abrupt temporal borders were used and on the right hand side smooth zones (for
smooth color transitions) of +/- 10 minutes were applied (semi-transparent light red zones). We
assume that the smooth zone visually refers to both adjacent temporal intervals. Out of altogether
6885 points for the ‘abrupt’ case 788 points (11,4 %) appeared to be assigned wrong and for the
‘smooth’ case 189 points (2,7 %) appeared to have the wrong temporal color code of the underly-
ing STDmap. Thus, using the smooth STDmap fewer parts are visually allocated to the wrong
real temporal interval.
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Figure 4-35: Wrongly assigned points (in black), using abrupt (left) or smooth temporal borders
(right).

A lower distance threshold leads to fewer dis-allocated points. The smaller the number of tem-
poral intervals, the more cutlines are defined and probably more temporally false allocated points
occur. The wider the smooth area the fewer the number of wrongly assigned points. Basically as
the tendency line and segmented cuts are more generalized, the more wrongly assigned points
occur. Thus a spline tendency line should result in less wrongly assigned points than the use of a
linear one. If a point is wrongly assigned, then it is mostly behind the segment border to the next
temporal interval. A very slow movement consequently results in a higher number of wrongly
assigned points. In case a SEO is moving for- and backwards or intersects a lot with itself, the
produced contour intervals would overlap and thus map reading becomes more difficult, even if
transparency is applied. A further future challenge is to automatically handle splits and merges of
SEOs along the track. Between STDmapping and "KDE maps for each temporal interval”" there
are certain complementarities. We have shown that for both approaches have their pros and
cons. Our proposed STDmap is an alternative procedure to the overlapping KDE maps. Surely,
there might be applications for which the use of KDE maps is more appropriate and others for
which the STDmapping approach is more suitable. For our application case of moving lightning
data, we prefer the use of STDmap. Comprehensive user tests are necessary to verify the right
choice for different applications.

4.4. Investigating movement patterns of lightning clusters using
visual analytical approaches

Maps provide excellent information about spatial information (location, extension etc.). The dy-
namic data can be expressed using animated maps or map series. In order to have a closer look
into dynamic geodata and their characteristics, we need to develop further visualization methods.
This section is focused on the unconventional visualization (maplike and non-cartographic dis-
plays) of geographic information representing dynamic phenomena with the lightning dataset as
an application case. In chapter 3 an overview of different visualization methods appropriate for
the analysis of dynamic SEO was provided. In the following some of those useful methods were
applied and adapted to the lightning dataset.

Figure 4-36 illustrates a simple solution for visualizing geometrical attributes of a dynamic light-
ning cluster using a temporal graph/time plot. The estimated geometrical cluster attributes such
as cluster area, point quantity, extension, height and movement distance were determined for
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every past time interval. The X-axis represent the cluster life time, starting from time = 0, when
the cluster first arises until it disappears. The cluster attributes and their changes in time (x-axis)
are displayed in four diagrams, arranged above each other. Thus comparison is possible and
correlations can be visually detected. It is evident that cluster area and point quantity in this
example correlates positively with each other.
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Figure 4-36: Time plot of geometrical cluster attributes.

4.4.1. Trajectory complexity

Moving objects create trajectories of quite complex spatio-temporal constructs (Andrienko &
Andrienko 2013). The use of the 3" dimension is a substantial added value for visual analysis of
moving objects. On the one hand, objects moving in 3D space can be thoroughly investigated in
3D visualization (xyz). On the other hand, STCs support temporal exploration of object move-
ments in 2D space. However, visualizing movements in 3D space, e.g. under water or in the air,
is a much harder task than movement representation in 2D space (Andrienko & Andrienko 2013).
(Hurter et al. 2009; Wiley et al. 2011) provided some examples of visualizing whales and air-
planes in 3D space where the interactive tools, animations and multiple co-existing displays help
to manipulate data representation and investigate object trajectories.

The complexity of a trajectory can be described using all semantic and geometrical attributes of
the moving objects and in particular the degree of their changes, or in other words, by the behav-
ior of object movement. Thus, we could determine complexity differences among trajectories by
comparing the change of their movement behaviors in time. Such changes can be derived from
database queries or through automatic data analysis. An object moving quite continuously with-
out significant changes in speed, direction and shape reveals a trajectory with a low complexity.
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According to Guting et al. (2000), it is possible to capture discrete changes such as sudden turns
or high acceleration that happen to the continuously moving objects. If these changes exceed
predefined threshold discontinuity occurs. We consider the change of the following geometrical
cluster attributes as well as the occurrence of the succeeding situations/events as indicators for
lightning trajectory complexity:
Change of geometrical attributes:
- Distance, velocity and acceleration
- Number of lightning points (IC and GC)
- Cluster centroid (latitude, longitude, altitude)
- Cluster extension (2D-area, 3D-volume)
- Movement direction
- Number of neighboring trajectories
Movement events:
- Returns or stops
- Cluster splitting or merging
- Dynamic attributes (time-varying attributes) of interest:
o Certain instant, interval, and cumulative attributes such as maximum speed, max-
imum altitude, maximum lightning point quantity
o Date/time components of the time references
o Certain attributes expressing relations to the spatio-temporal context
- Intersection with other context elements (locations, discrete objects, SEOSs) of interest
- Speed up - slow down’ shift
- Major course change (sinuosity, tortuosity)
- Cluster shape change (2D or 3D)
We define the change from speeding up to slowing down as a movement event indicating trajec-
tory complexity. As soon as a lightning cluster changes during moving from speeding up to slow-
ing down or vise verse, we describe this particular moment as significant speed change event.
We consider a major course change as another movement event. Different predefined course
descriptions such as continuous, episodic, irregular are combined with the current trajectory
course taking for instance the last 3-5 time intervals into account. If the course template changes
substantially with respect to the previous one, we declare the event of a major course change.
Alternatively, a movement direction threshold could be used. For other geometrical attributes,
predefined thresholds, also for various degrees of complexity, could be used.

Furthermore, we allocate cluster shapes to predefined templates, such as circle/sphere, el-
lipse/ellipsoid, 2D/3D irregular shape etc. Based on the coordinates dX, dY, dZ of cluster points
describing the spatial extent, comparable shape templates could be automatically identi-
fied/allocated for each spatio-temporal lightning cluster. The change of the shape template will
then indicate a movement event relevant for the trajectory complexity. Beside these cluster
changes, the trajectory lifetime and its spatial length could also imply trajectory complexity as well
as the entire shape of the trajectory path.

Our approach will be explained using the largest/longest track of our test dataset as an example.
A part of this ‘largest track’ with its attributes is already documented in Table 4-10 and Figure
4-25. The entire track, its lightning points (IC and GC) in orange as well as its 39 cluster centroids
in black are shown in Figure 4-40. For each time interval we compute the change of geometrical
cluster attributes with respect to the previous time interval. We consider distance to previous
cluster centroid, velocity, acceleration, lightning point quantity, cluster area and volume as well as
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movement direction angle. Furthermore, we investigate if movement events are detected, name-
ly, major course change and ‘speed up — slow down’ shift. Table 4-11 illustrates a part of these
determined values. Attribute change values are normalized by scaling between 0 and 1 and
movement change events are set to 1. In the last column all values of one time interval are added
up and the sum reflects the momentary trajectory complexity during a certain time interval. The
sum of all time interval change values results in the overall trajectory complexity measure value.
Thus, Table 4-11 reflects the complexity gain of a lightning trajectory. We abbreviate that trajecto-
ry complexity gain with “TCG”. If needed, certain attributes/events in the TCG (e.g. velocity,
acceleration) could be weighted with more importance (multiplied with a factor >1), thus, their
influence within the complexity sum is stronger than other attributes/events.

Table 4-11: Trajectory complexity based on attribute changes.

time ) dis- velocity | 26¢€ - Irllgc])hct)f area |volume | 2!ti- (direction| course usp[)lgli)(\j/v sum
interval |tance eration ning tude | angle |[direction down
2 0,2 0,4 0,0 03| 04 0,3 0,5 0,0 0,0 0,0 2,1
3 0,2 0,3 0,6 04| 00 0,2 0,4 0,5 0,0 0,0 2,7
4 0,0 0,1 0,4 08| 0,3 04| 06 0,1 0,0 1,0 39
38 0,1 0,2 1,0 0,0 | 0,0 0,0| 0,0 0,2 1,0 1,0 3,6
39 0,1 0,0 0,2 0,0 | 0,3 00| 02 0,2 0,0 1,0 2,0
sum:  118.6

Based on Table 4-11, the following three figures present multivariate visualizations for the inves-
tigation of the TCG. In Figure 4-37 all attribute change and movement event values are stacked
for each time interval on a bar chart (TCG bar chart). Not implemented but worth to be mentioned
is the use of a pie chart as alternative to a bar chart. In the TCG diagram in Figure 4-38 and
Figure 4-39, the change of individual attributes can be easily compared through the connected
curve lines. While successive time intervals define the x-axis of Figure 4-37 and Figure 4-38, in
Figure 4-39 the travelled distance of the cluster from its birth defines the x-values. Thereby
stacked multivariate complexity attributes at different time intervals are drawn and connected
where the time intervals are represented through vertical grey lines. Different colors are used to
distinguish different attributes, or more precisely, different attribute changes.
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Figure 4-37: The bar chart of the TCG.
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Figure 4-38: The curves of TCG.

A drawback of the complexity curves based on travelled distance is that the changes (complexity
values) are difficult to see for very small distances between two successive time intervals/steps.
However, this option has the advantage to show precise information of travelled distances and
the associated attribute changes and movement events. In our example, it can be seen that a
shift from speed up to slow down happens almost during the entire trajectory lifetime. The highest
complexity is at the time ‘33’ (330 minutes after start). At this point, distance, velocity and cluster
altitude changed dramatically.
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Figure 4-39: TCG - by travelled distance.

Similar to the trajectory wall (Tominski et al. 2012), the stacked complexity values can also be
visualized in a 3D visualization, using a geographic map as 2D surface and stacking complexity
values in the 3" dimension (z-axis) along the travelled distance. Thus, spatial information can be
presented together with trajectory complexity information. Figure 4-40 illustrates an implementa-
tion of that idea: Thereby the stacked normalized complexity values, visualized as bar chart like in
Figure 4-37, are used as z-axis and thus form the 3™ dimension on top of 2D map with track
points in orange on cluster centroids in black. Cluster attribute changes are stacked in different
colors over and between two successive cluster centroids (black dots on the 2D map). In order to
improve visual investigation, an offset along z-axis is used. Thus, while interactively exploring the
trajectory complexity using a bird view as shown in the screenshot, the stacked values do not
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start directly from the 2D surface. Furthermore, a geo-referenced open-street-map is used to
improve spatial orientation and bar chart complexity colors are slightly transparent.
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Figure 4-40: TCG bar chart on top of 2D map.
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The same settings are used in Figure 4-41, but instead of a bar chart, stacked complexity values
are connected as in the diagram in Figure 4-39 for a better comparison. Instead of attribute
changes between successive clusters, the same visualization can be applied to the actual attrib-
ute values. Figure 4-42 demonstrates this option applied to attributes instead of attribute changes
as used in the TCG diagram. On the left, attribute values are shown in a connective diagram,
while on the right a bar chart is used. Thus attribute values can be visually compared and peaks
as well as outliers can be detected. Beside the cluster attributes (distance to previous cluster,
velocity, acceleration, lightning point quantity, area, volume, altitude and direction angle), cluster
events (course direction, shift from speed up to slow down) are treated as ‘attributes’ — set to ‘1’ if
an event occurs, otherwise set to ‘0’. The 2D map including track points in orange and cluster
centroids in black provide additional trajectory information.
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Flgure 4-42: Connected stacked normalized cluster attribute value (Ieft) and bar chart (right) on top
of 2D map with 2D track points in orange and cluster centroids in black.

speed up - slow down
w course direction
w direction angle
w altitude
= volume
W area
m no.of lightning
f(j] m acceleration
m velocity

distance

/ : “Twosy
or 1% 7 :
’()L 27>
ey ey o
e 2leh ©“P00ns,, >/°/<\/'/ %\ /‘/\Z
o (W 7 o % o
e, — L RS i

n

Figure 4-43: Trajectory wall with stacked complexity attribute bands on top of 2D map.

Figure 4-43 illustrates the lightning complexity attributes implemented into a trajectory wall based
on (Tominski et al. 2012). Each complexity attribute is represented by its own band. Attribute
values are represented by degree of brightness while a large brightness refers to low attribute
value and thus to a low complexity. In comparison with the TCG diagram or bar chart, the trajec-
tory wall has the advantage that temporal differences of each attribute are easier to explore along
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each band. On the other hand, complexity changes and peaks are easier to detect using the TCG
approach (highest z-value) while using the trajectory wall the user need to visually add brightness
values of each temporal step, which is a difficult task with doubtful estimated results.

Another option we suggest is an integration of stacked attribute or attribute-change values inside
a STC. The STC approach for spatially extended dynamic lightning clusters was already intro-
duced in Section 4.2.4 and shown in Figure 4-16. A selection of complexity values (change of
distance, velocity, acceleration, number of lightning points, area) was then integrated into each
respective trajectory step of the largest track in the STC as shown in Figure 4-44. Along the z-
dimension the sum of stacked complexity attributes was transformed for each time interval (10
minutes). In other words, stacked complexity attributes were normalized to the range from 0 to 10
minutes for each time interval on the z-axis. For the time step with the maximum complexity
attribute sum (see Figure 4-37: time step ‘33’), complexity attributes shown in different colors,
fully cover the entire according time interval. Consequently, in all other time steps, the remaining
space is shown in light beige color and labeled as ‘no attribute’. For this solution a strong user
interaction with zooming operation is needed when stacking various attributes.

19:00

18:20 i e

17:40

no attribute

17.00

[ area

H no. of lightning

16:20

M acceleration

15:40-—

M velocity

15:00

m distance

14:20 ! ! — !
12.11 13.09 14.07 15.04
Lon

Figure 4-44: STC with stacked attributes values (complexity) applied to one track.

The visual complexity analysis helps to identify unusual trajectory movements and provides
guantitative information about the grade or complexity of the dynamics for each time interval.
Another option would be to establish complexity analysis for different spatial and temporal scales
as well as for aggregated trajectories. In particular information about cluster volumes and altitude
supports complexity investigation of the trajectory in 3D. Nevertheless, an additional interactive
3D view would help to understand temporal cluster changes in 3D. If we investigate lightning
trajectories as SEOs (2D/3D lanes/polygons), there is not much to find in literature. If we focus on
lightning trajectory lines (connected cluster centroids) we could analyze them using approaches
presented in Section 2.6, in particular for trajectory comparison on similarity. An approach for
lightning trajectory similarities applied to our test dataset is introduced in the following section.



A case study of lightning data 111

4.4.2. Trajectory similarity

The existing approaches for similarity measurements and visualization for trajectory mainly apply
to trajectories of individual moving points and are mostly based on spatial or/and temporal prox-
imity (see Section 2.6).

Comparing lightning tracks is a relevant analysis task for the exploration of lightning data. Geo-
metrical and semantic attributes and their changes of selected tracks can be tested for similari-
ties. In order to compare various cluster attributes of two tracks, which change with time, we
suggest a similarity matrix in combination with a similarity bar chart as shown in Figure 4-45. Our
similarity matrix is based on trajectories of constant sample rates (in our case of 10 minutes).

Track 4 and 6 occur at the same time (around midnight on 26™ of April, 2013) and both tracks are
about 80 km away of each other. Comparison is made after 3 hours and 10 minutes, i.e. with 19
time intervals, whereby each row represents one time interval. Altogether 9 cluster attributes are
compared: extension (dX, dY, dZ), number of points (No), cluster area (A), volume (Vol), velocity
(v), distance to the previous cluster centroid (d) and moving direction angle (x). The attribute
values of the first three time intervals are shown in Table 4-12. As can be clearly seen in the map
(Figure 4-45), both trajectories nearly move towards the same direction of north-east, have a
similar length and follow a similar route. But are they really that much alike as it seems to be?

Table 4-12: Attributes of two different tracks.

track 4 track 6

time| dX | dY |dZ [No| A |Vol| v |d | « [dX|dY|dZ|No| A [Vol|vVv | d | «
1 5|1 5912922 19| 21 0 0 0(91(/6,3|6,2| 19| 35|103 0 0 0
2 11| 54| 3,4| 15| 40| 56| 6,5(4,8|126| 10| 10|3,3| 18| 59| 92|7,4|5,2 111

3| 12 7128|500 57| 88|24| 1| 93(63(7,2|83| 21|29| 88|54]3,3|106

6157 (11,8 | 4,6 (111|121 |266 | 6,3| 2 88,3 | 16|8,2|6,5| 30| 80|212|9,9|5,4 |101

We can investigate the similarity of individual attributes, of the entire trajectory or of all attributes
at a certain moment of time. In the similarity matrix, the attribute values of each time interval are
compared with a maximum similarity of 100 %. We deduct the similarity between two tracks - for
each time step and for each attribute as follows:

Equation 6:
sim(ak ;) = (1-]akl,; —ak2, | /max{| akl, —ak2,, |,...,| akl,, —ak2,, |}) *100%

Whereby sim(aky) is the similarity of attribute ‘ak’ of two trajectories at the time ‘ti’; it depends on
the difference between the two attribute values and the maximum value difference of all attribute
value pairs during the entire common lifetime. We can take the number of points (No) as an
example while considering only the first three time intervals as listed in Table 4-12. The largest
difference in number of points between track 4 and 6 is detected at time step 6, amounts to ‘81’
(111-30) and refers to the lowest similarity which is hence set to 0 %.

Thus, for each of the first three time intervals, the similarity percentages are:

+ Time interval 1: (1-]22-19| / 81)* 100% = 96,3%
+ Time interval 2: (1-]15-18| / 81)* 100% = 96,3%
+ Time interval 3: (1-]50-21| / 81)* 100% = 64,2%

This percentage reflects attribute similarity, shown in the table/matrix middle.
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Figure 4-45: Similarity matrix and bar chart of two lightning tracks.

Using a color transition from red (no similarity) to green (identical value) the user can easily
identify similarity information in the matrix, identify outliers, similarity changes in a time series and
compare similarities of different attributes. The average similarity of each attribute time series is
summarized in the table. For example cluster velocity attributes are most similar with an average
of 72%. Moreover, the average of all attribute mean similarities is calculated, in our case 65%.
For each time interval the bar chart on the left of the similarity matrix provides a quantitative
overview about track similarity by adding up all determined attribute similarities. To summarize,
track 4 and 6 look quite similar. Using our similarity matrix in combination with the similarity bar
chart, we can get an insight into their detailed attribute value differences over time.

The comparison of trajectory dynamics is difficult when they differ in time and it requires the time
transformation of trajectories. If two tracks which should be compared do not start at the same
moment of time, trajectories can be shifted in time to a common start time or a common end time
in order to enable parallel track periods for comparison. However, this approach is limited to
trajectories of equal duration. Nevertheless, for tracks of disparate durations, track parts of equal
durations can be compared using similarity matrix.

Besides comparing all cluster steps, similarity statements of two trajectories can also be based on
statistical/summarized trajectory values, such as average speed, average direction, trajectory
lifetime and TCG values. However, the above mentioned cluster-wise comparison supplies more
detailed similarity results. Furthermore, the similarity search can be done by comparing cluster- or
trajectory shape in 2D or 3D. For that comparison, shape attributes such as shape size, orienta-
tion, number of border edges can be considered. In literature a number of techniques for polygon
shape matching exists, an overview is provided by Veltkamp & Hagedoorn (2001). Clustering or
aggregation based on similarity measures for trajectories can be applied to lightning trajectories.
In case that the test dataset is not large enough, spatio-temporal similar trajectories, which are
also similar in speed and movement direction, could be grouped using the distance function
approach suggested by Pelekis et al. (2007).
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4.4.3. Temporal radar plots

Radar plots, also known as Kiviat chart, has been used for years as important visual and descrip-
tive tools for multivariate data (Saary 2008). The principles of radar plots were introduced by
Kolence & Kiviat (1973) and specified by Morris (1974). Radar plots are circular graphs consisting
of a series of spikes or rays projected from a central point. Each spike represents a different
variable label. The ray lengths are related to the values of the variables and the ray positions are
connected with the neighboring variable values to form an radar figure (Saary 2008). Significant
perceptual properties are size and shape of the resulting enclosed radar figure. Using a series of
variable values, the resulting overlapping radar figures may indicate certain value distribution,
correlation, outliers, peaks and thus common data patterns. However, the use of too many entries
inside a radar plot may result in overplotting and difficult visual interpretation. An interactive use
(e.g. radar figure selection, enabling and disabling) of the radar plot can overcome this drawback.
Furthermore, radar plot interpretation requires a trained eye and data background understanding.

Being aware of the characteristics of radar plots, we raised the question if this graphic form can
contribute to the visual analysis of dynamic SEOs. In the case of moving lightning clusters we
included the following variables in a radar plot: latitude, longitude, cluster point quantity, cluster
area and volume, velocity and distance to the previous cluster. All these variables change in time.
Furthermore, we included the time itself as a variable. The results are drawn in Figure 4-46 where
the lightning cluster variables of April 26" 2014 were used with 102 values for each of the 8
variables. All were normalized to the range from 0 to 1. Thus, the radar plot is less overloaded
with axes information. However, spike axes labeling or legend is needed to communicate the
exact geometrical attribute value and value range.

Spikes are displayed in different grays. The radar plot contains spatio-temporal information and
reveals on the one hand information about similar clusters and on the other hand information
about unique clusters and clusters attributes. An interactive use provides more insight into the
radar plot. In Figure 4-46 two lightning clusters are selected and highlighted: cluster number 86
(spike in blue) and 27 (spike in red). The radar plot reveals that the blue one is the fastest cluster
on April 26™ and the red one the largest containing the most points inside a cluster. The visual
analysis of the radar plot could be improved by changing it into an interactive explorable “tem-
poral radar plot”. For our case we suggest to use the time as z-axis as illustrated in Figure 4-47.
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Figure 4-46: Radar plot with interactive cluster selection.
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A “temporal radar plot” takes the form of an extruded polyeder. All k attributes except the time are
included in a normal radar plot which varies along the time axis. In this way, the varying attribute
values and locations with the time is embraced within a polyeder which is a sequentially layered
radar plot along the time axis. This polyeder allows the user a better insight into the attribute
changes without overlapping and occlusion which used to be a major problem in traditional 2D
radar plot consisting of a large dataset. A high level of interactive use is essential for the user to
extract interesting information from the temporal radar plot. Figure 4-48 presents a temporal radar
plot of the lightning test dataset on April 26",
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Figure 4-48: A temporal radar plot of the lightning data: from above (2D), 3D and side perspective
a-c) show 1 single track while attributes are drawn in different colors; d-f) display 11 tracks colored
by track affiliation on April 26" g-i) show 11 tracks on April 26" with a time-based rainbow color
scheme; j-I) contain all tracks during April with rainbow-time-color scheme.

The illustration is composed of three columns and four rows. In the left column 2D radar plots are
shown. In the middle the corresponding temporal radar plots are presented and side views are
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chosen in the right column showing the temporal development of two attributes (in this case
‘distance of the lightning cluster centroid towards the previous one’ and ‘number of lightning
points within one cluster’).

Different rows in Figure 4-48 contain different test datasets: In the first row (a-c) a single lightning
track is shown, consisting of 27 successively occurring clusters (duration of altogether 4 hours
during April 26™ 2013). The spikes representing the cluster attributes are displayed in gray. Clus-
ter attributes (cluster centroid longitude and latitude, number of points, area, velocity and distance
to previous cluster) are distinguished by colors and temporally connected values in 3D are ex-
pressed using the same color. With the help of side views two attribute courses can be compared
(e.g. as in Figure 4-48-c ‘distance to previous cluster’ with ‘number of cluster points’). A change of
the side view angle or an adaption of the attribute/spike order allows the comparison of different
pairs of attribute courses. In the second row (d-f) all lightning trajectories of April 26™ 2013 (from
2pm to 7pm) are included in the polyeder. Spikes are drawn in different colors. 11 distinguishable
colors refer to different track affiliations. Furthermore, the radar figure centroids are computed
and connected through lines in the same track colors. Thus the changes in time are visually
presented. In the third row (g-i) the same lightning cluster data of the 11 tracks are shown, but the
spike colors are differentiated by a rainbow color scheme indicating different times when the
corresponding lightning cluster occurred. The rainbow spectrum (as described in Section 4.3) can
be divided into a certain number of intervals or smoothly transitions between the neighboring
colors. The same color concept is applied to the lightning cluster data of the entire month of April
2013 shown in the last row (Figure 4-48-j,k,l). The applied rainbow color spectrum is illustrated in
the legend of Figure 4-48-i,l. The use of time-depended rainbow color scheme within the original
2D radar plot (as shown in Figure 4-48-g,j) provide temporal information and thus changes of the
spikes in time can be visually analyzed much better than using time as an additional variable axis.
However, facing large datasets, overlapping and occlusion are inevitable, making the visual
exploration within the 2D plot difficult. The temporal radar plot along with its interactive use
(zoom, pan, rotate, highlight by click, etc.) may overcome this drawback.

4.4.4. Temporal PCP

Inselberg was one of the first authors who introduced a visual approach called parallel coordinate
plot, abbreviated as ‘PCP’ (Inselberg 1985), although the idea already existed. As early as 1880
Veltkamp & Hagedoorn (2001) illustrated different statistics of US states in a PCP like graph.
PCP illustrates a k-dimensional data entry as a polyline on a plane plot by using k equidistant
vertical axes parallel to each other. Each polyline intersects each axis at the location correspond-
ing to the data value for that respective dimension. Each axis includes all data values of the
corresponding dimension from the minimum to the maximum and axes are linearly scaled.

Similar to radar plots in the previous section, we included the same attributes of lightning cluster
which represent the data dynamics in a PCP. Figure 4-49 shows the resulting PCP with lightning
cluster attributes of April 26™. The altogether 102 polylines are colored in different gray tones.
Two individual polylines can be interactively highlighted and thus compared (red and blue line).
The plot visually provides spatio-temporal information. Time is used for the 1% axis. Temporal
changes of geometrical attributes can be identified. However, a dataset of 102 entries has al-
ready made the change detection of temporal attribute an endeavor. The PCP interpretation also
demands trained eyes. Large datasets may make the PCP difficult to read and require necessary
simplification (line clustering) to improve the clarity.

In visual analytics of multivariate data, PCPs are often used together with several synchronized
map- and graphic displays. The interactive change of a display triggers the synchronized change
to all other displays, which can enable a direct visual comparison. An example for such visualiza-
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tion system is provided by Guo et al. (2006), who combined PCP with self-organized maps, an
attribute matrix and small multiple maps.

Parallel Plot — 85 —27

time Lon Lat No. of points Area Volume velocity distance

Figure 4-49: Parallel plot with the interactive highlighting of two clusters.

The idea of an extension of the PCP towards 3D was mentioned in various papers (Edsall 2003;
Guo et al. 2011; Wegenkittl et al. 1997). Tominski et al. (2004) introduced a radial arrangement of
PCP axes in 2D and 3D space called “Multi Comb” in combination with interactive axes. Streit et
al. (2006) clustered polylines of a PCP using image processing tools after rasterization (Figure
4-50 left). In a second step (Figure 4-50 right) a third dimension was introduced whereby pixel
density values (z-axis) were visualized.

Figure 4-50: Clustered PCP lines (left), resulting 3D PCP (right), source: Streit et al. (2006).

Rubel et al. (2006) suggested an 3D PCP approach for gene data analysis which basically pro-
jects the PCP polylines on the x-z plane and extend the display with a third dimension in order to
compare the attribute values of different genes, see Figure 4-51.
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Figure 4-51: 3D PCP, source: Ribel et al. (2006).

Similar to the idea of Riibel et al., we suggest another extension of the PCP towards the temporal
3D PCP. We take the original plane view (x-y) of the PCP as basis and add — vertical to it — time
as a new dimension.
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Figure 4-52: PCP (left) vs. temporal PCP (right) for lightning test dataset
above: track-based polyline colors (April 26" 2013, 2-7pm)
middle: time-based rainbow-colored polylines (April 26™ 2013, 2-7pm)
below: time-based rainbow-colored polylines (entire April 2013).



A case study of lightning data 118

The results are presented in Figure 4-52. Three examples consist of the original PCP (left) and
the extended approach of temporal PCP (right). On the top of Figure 4-52 lightning cluster and
their attributes of April 26™ are used. Polylines are distinguished by different track colors. The
second example also includes all 11 tracks and their allocated clusters, but the polylines are
distinguished by time-depending colors using the rainbow color scheme as explained in Section
4.3. The third example presented in Figure 4-52 (below) contains all clusters of April 2013. The
polylines again are distinguished by colors referring to the respective lightning cluster time inter-
val while using the rainbow color scheme. In comparison with the PCP, the interactive exploration
of temporal PCP provides the additional insight into the temporal data patterns.

The visual exploration of PCP and temporal PCP might suffer from overlapping polylines of large
datasets. Based on a classification solution for PCP introduced by Edsall (2003), polylines of the
temporal PCP belonging to certain time intervals could be aggregated to polygons in order to
improve pattern identification.

4.45. Table lens

To combine the overview and detailed information in one display is not an easy task, neither for
visualization designers nor for users. One common information visualization method which can be
used to solve this problem is table lenses introduced by Rao & Card (1994). Table lenses help to
explore large amounts of tabular data, following the spreadsheet principle. In a table lens, attrib-
ute values are illustrated in columns and rows. The table cells are filled with colored and scaled
horizontal bars. Each column represents a specific attribute and each row correspondents to all
attributes of a single data object. Thus each column can be seen as a histogram. Table lenses
contribute to visually identifying correlations among pairs of numerical attributes (Rao & Card
1994).

We adapted the table lens concept in order to visually analyze the lightning tracks during April
2013 within our test area. The results are illustrated in Figure 4-53. Six lightning tracks are
shown, each track ID is displayed in the first column. The track data are arranged in rows. Each
row represents one of 152 clusters. The ID of each cluster is shown in the third column. We
extended the table lens in order to represent spatio-temporal data information. In the first column
labeled as “lat-lon”, the bar lengths differentiate only in colors, not in lengths. Above the table lens
a spatial mosaic provides basic information where the respective lightning cluster is spatially
located. The time is shown in the second column, whereas tracks and clusters are temporally
sorted from bottom to top. Further cluster attributes included in the table lens are point quantity (in
blue), cluster extension (in purple), cluster area and volume (in red) and cluster velocity and
distance to the previous cluster (in green).
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Figure 4-53: The table lens representing attributes and their values of six different lightning tracks.

An advantage of the table lens is that it enables visual exploration of large datasets: it provides
information about data distribution and correlations among attributes. Another benefit is that it is
easy to read since the spreadsheet display is a generally known visualization. Through an inter-
active use, scaling (zoom in and out), accessibility of numeric information (via click) or individual
adaption of the table organization (re-organization of rows and columns) are possible.

4.4.6. Multivariate visual analytics of lightning data

In the previous section we introduced various visualization techniques which supports space time
analysis of dynamic geodata and their attributes, in particular for SEOs. Visual analytics is a
comprehensive approach for the visualization-supported analysis of dynamic geodata and their
attributes. Often a visual analytics approach doesn’t consist of a single graphic method, but of
several synchronized complementary methods. We implemented a multivariate visual analytical
toolbox for the lightning test dataset as illustrated in Figure 4-54.
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Figure 4-54: Multivariate visual analytics for lightning data (April 26”‘).

The toolbox consists of 2D/3D display for geographic track- and cluster visualization, STC,
STDmap, table lens, temporal radar plot and temporal PCP. All displays are synchronized. Thus,
when an object in one display is highlighted (e.g. one particular lightning cluster of interest), the
object will be highlighted in all other displays. The same applies to enabling/disabling of objects,
zooming and panning or using the time slider tool.

It has to be noted that the proposed visual analytical approaches for lightning cluster attribute
investigations along a trajectory use cluster attributes in different units. That might not be suitable
for direct comparison. To overcome this drawback, different attribute weights could be introduced.

Using Matlab software on a computer with a CPU of 2,13 GHz and 4 GB RAM, the estimated
runtime for processing lightning clusters and trajectories including different visualization options
out of the entire test dataset (April 2013) including 70007 initial lightning points, is about 6 hours.
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4.5. Discussion of the proposed visual explorative approaches for
lightning movements

The visual analysis of dynamic lightning data can be focused not only on one or several lightning
clusters, but also on one or several trajectories. Particular clusters/trajectories of interest can be
selected while the selection could be based on certain spatial or/and temporal extension or on
certain attribute information, such as cluster speed or moving direction. Table 4-13 provides a
matrix overview of the proposed visual analytical approaches in relation to lightning cluster
attributes and movement events. The table columns indicate and specify which cluster attributes
and movement events can be addressed by which visual analytical approaches.

Table 4-13: The relative suitability of proposed visual analytical approaches for lightning cluster
attributes and movement events

Similarity | Temporal | Tem-
matrix and | Radar | poral
bar chart" |  plot PCP

TCG
diagram '

Table | Time
lens | plot

Time info (step no.)

Lat
Centroid Lon

Alt

dx

dy
Extension dz

Area
Volume
No. points

Internal No. IC
structure No. GC

Lightning cluster attributes

Density
Velocity
Acceleration
Direction
Distance

Movement
information

Returns, stops

Cluster splitting

or merging

Cluster shape change
(grow shrink deform)
Interactions with other
objects or locations
Particular attribute values
(maximum altitude)

Speed up - slow down shift

Cluster movement events

Major course change

colors: red = restrictively usable method, yellow = possible, green: implemented
| attribute change of consecutive clusters
Il attribute change of two clusters belonging to two different trajectories
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We distinguished between three categories: red indicates that the approach is only restrictively
usable; yellow refers to that the approach is appropriate to use and green states that the ap-
proach is appropriate and was also implemented for lightning data in this thesis. Events are
treated as attributes by using for example the value ‘1’ and ‘0’ if the event takes place or not. In
TCG diagrams the attribute value changes of consecutive trajectory clusters are presented. The
same applies to the similarity matrix of two selected trajectories. Two movement events ‘cluster
births’ and ‘disappearances’ are not explicitly included in the table, because for our application
case each approach starts with trajectory birth and ends with its disappearance.

An integration/combination of the TCG diagram on top of a 2D map display or inside the STC is
illustrated in Figure 4-40 - Figure 4-44, where attributive cluster information is visually connected
with the respective spatial location and thus allows an additionally insight into the trajectory com-
plexity. Furthermore, the following trajectory attributes can be considered in the TCG diagram as
well as in the similarity matrix: trajectory lifetime, length, sum of cluster attribute values, number
of predefined cluster hotspots, average moving direction/speed, number of and distance to/from
close trajectories, number of stops/returns/splits/merges, overall course description (linear, irregu-
lar), number of interactions with other objects/locations as well as number and distance of close
trajectories. For radar plot, PCP, table lens and similarity matrix approach, additional lightning
cluster attributes to be investigated could be cluster altitude and trajectory curveting at any cluster
location. Furthermore, the change values rather than the absolute values of all attributes regard-
ing the previous cluster step could be used.

Specific movement analysis tasks were already defined in Section 3.3.3. We now discuss how to
relate the suggested novel visual analytical approaches (4.4.1 - 4.4.5) to these movement analy-
sis tasks. The spatio-temporal information on interactive multidimensional map displays and the
synchronized attributive information of dynamic objects on graphs or diagrams offer a much
better visual impression than using just a single illustration, thus can strongly support the user to
conduct the movement analysis. Table 4-14 gives an overview of how specific movement tasks
are supported by the different visual analytical approaches. The number in the first table column
refers to the movement analysis task holding the same number as in Table 3-4 provided in Sec-
tion 3.3.3. The approaches are grouped in those targeted to attributive information and those for
geospatial information. Green means that the approach is appropriate, while red indicates a
restrictively use and blank cells means irrelevant.

For example, task ‘2’ (see Table 3-4) aims to retrieve information about cluster speed, accelera-
tion and moving direction angle. The appropriate methods for the direct retrieval of attribute
values include temporal radar plot, temporal PCP, table lens and time plot. STC and XYZ-map
can be restrictively used to indirectly provide information about cluster speed and acceleration, for
instance, e.g. with color tones referring to speeds). Additionally, the user can visually explore an
approximation of the moving direction angle through plotted cluster polygons and trajectories.

As mentioned in Section 4.4.1, lightning movement behavior could be separated into normal and
unusual behavior. Based on predefined thresholds such as a certain maximum change of speed
and/or moving direction, lightning clusters with unusual movements could be computationally
identified and visually emphasized.
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Table 4-14: Use of approaches for task specific movement analysis.

Attributive Geospatial
information information

Movement analysis tasks

(see Section 3.3.3) Similarity Temporal .
TCG e | = Temporal|Table| Time [ STD XYZ

Investigation of... diagram\ - hart plot PCP | lens | plot | map map

1 | Moving objects

Cluster movement
attributes

3 | Special cluster events

Special cluster hot
spots

Momentary cluster
attribute changes

6 | Cluster interactions

7 | Compare clusters

8 | Predict clusters

9 | Internal cluster structure

Trajectory movement

10 attributes

11| Trajectory events

12 | Trajectory course

Trajectory interac-
tions/relations
Compare trajectories
(similarities)

13

14

15| Trajectory attribute data

Temporal dependence
of attribute data
Uncertainty of move-
ment path

16

17

18 | Movement anomalies

Trajectory changes
along its course
Predict trajectory
course

Cluster changes along
trajectories

Trajectory movement
complexity

19

20

21

22

green = appropriate method, red = restrictively suitable method
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4.6. Users and usability issues

The target users of our approaches are domain specialists and geodata analysts who interact
with the visualized dynamic phenomena. Furthermore, selected approaches, such as the 2D and
3D representation of lightning track lane on top of a base map, could be useful for interested lay
public, in particular for demonstration purposes. To answer the question of how our visual analyti-
cal approaches influence a viewer’s perception of lightning data, we need comprehensive tests of
user interactions. Such usability tests aim to evaluate and improve usability and user friendly
performance. They require knowledge about the user, the user’s task as well as involved technol-
ogy (Haklay 2010). Possible user tasks for movement analysis are listed Table 3-4 in Section
3.3.3. Various tests and evaluations of visual tools for the exploration of moving objects were
reported in literature. However, tools and user tasks are mostly data and application specific. For
instance, Demissie (2008) investigated the use of single static maps, multiple static maps, STC
and animations within the visual analysis of moving people at three different levels of detail (com-
plexity). The author concluded that animations are most suitable to retrieve stops, returns and
speed change, while STC is most appropriate to present the moving paths.

“The anticipated user tests aim to investigate how the visualized information is perceived and
understood. The usability of alternative approaches can be compared or iteratively improved. The
iteration bears a two-fold meaning. On the one hand, the approach designers benefit from user’s
behavior. On the other hand, an improved approach will better empower the users. In the latter
case, the users get trained to get along with the approach. Since the interactive and explorative
use of dynamic SEPs requires some vocational adjustment, the corresponding usability tests
should be conceptualized as a long-term endeavor involving repeating test sessions with the
same target users” (Peters & Meng 2014a). User tests for explorative tools are demanding and
need a long period of testing time beyond the scope of this thesis in order to extract statistically
convincing and meaningful results for the visual movement analysis of dynamic SEOs, in particu-
lar for the application case of moving lightning clusters. An appropriate user tests is not part of
this thesis but considered as relevant future work.

4.7. Chapter conclusion

This chapter was focused on the visual analysis of lightning data as a real case of dynamic SEO
for the purpose of identifying and interpreting the spatial-temporal patterns embedded in lightning
data and their dynamics. Concepts for lightning cluster and trajectory visualization were intro-
duced and implemented along with a GUI which supports the investigation of lightning tracks and
predicted lightning clusters including their prediction certainty within a 2D view, a 3D view or
within a STC. These approaches provide insight into the dynamics of past and predicted 3D
lightning clusters and cluster attributes over time. The novel density mapping approach
“STDmapping” and other non-cartographic visual analytical approaches are synchronized to
explore the movement of lightning test dataset. We showed how the movement complexity of a
trajectory can be expressed and visualized and suggested a TCG diagram which aims to reveal
movement diversity as well as unusual movement behaviors along a lightning trajectory. Further-
more, we discussed trajectory similarities and introduced a similarity matrix as one visual solution.
With regards to the change of attribute values of dynamic objects in time (on the case of lightning
data), we exposed the drawbacks of radar plot and PCP and introduced an extension of these
methods, addressing temporal changes towards the third dimension, named as “temporal radar
plot” and “temporal PCP”. Additionally, we adapted table lens and a time plot for analyzing light-
ning trajectory attributes. Finally, we provided two overviews showing the relative suitability of
visual analytical methods to various lightning data attributes and analysis tasks.
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5. Final discussion

In this chapter we summarize the answers to the initially defined raised questions. The novelties
and limitations of the methods proposed in the thesis are pointed out. Table 5-1 provides an
overview about all proposed concepts and approaches and their applicability on different map
displays. It should be noted that approaches developed and implemented for lightning data can
be applied to other SEO/SEP. The last column reveals the applicability for dynamic SEOs and at
the same time for line trajectories based on individual moving points.

Table 5-1: Approaches in the thesis and their innovations.

Novel concepts (blue), On On 2D Adaptable
new methods (red), map other 3D for line
applied methods (grey) display displays* trajectories
for SEOs: Ge_nerlc concepts for visual explo- v v 2D & 3D

ration of dynamic SEOs

for I|gh;[jn|ng L|ghtn|ng cluster and _ v 2D & 3D

ata: trajectory map presentation concept

STC concept for lightning data v 3D
Prediction and uncertainty
visualization of lightning 2D & 3D
clusters

in particular STDmapping v 2D

for lightning

trajectories: TCG diagram/bar chart v 2D v
TCG diagram/bar chart on top of v 3D v
xyz-plot
TCG integrated in the STC v 3D v
Similarity matrix and bar chart v 2D v
Temporal radar plot v 3D v
Temporal PCP v 3D v
Table lens v 2D v

* information visualization techniques (displays, graphs, etc.)
** requires interactive use

5.1. Approaches and results in relation to the research questions

In the following, we relate the contributions of this thesis with the five initially raised research
guestions.

1) How can we describe and visually present dynamic SEOs/SEPs — in particular dynamic
lightning clusters?

We have identified three types of dynamic SEOs/SEPs: moving point groups (swarms), clustered
point events and moving natural polygons (see Section 3.1). For dynamic SEP based on points,
we argue for the necessary pre-processing in order to derive spatio-temporal polygons allocated
to trajectories (see Section 3.2). For the sake of describing, presenting and analyzing the dynam-
ics of SEOs, we distinguish between a spatio-temporal cluster reflecting a certain moment of time
or the smallest time interval of interest of a moving SEO and the entire trajectory reflecting the
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movement during the whole lifetime of a SEO. Spatial, temporal, spatio-temporal and further
attributive information of SEOs are considered for SEQ’s clusters, trajectories and specific
movement events. Non-visual and visual representations for the defined attributive information
are provided. Further representation tools are STC, 3D map displays and non-cartographic dis-
plays, in which the geometry or/and semantic attributes of dynamic SEOs are illustrated. These
representations aim to support the exploration of SEOs and their dynamics, and are appropriate
for lightning data as an application case. As for dynamic SEO, lightning point events, which rep-
resent the moving lightning phenomena, the focus is on individual lightning clusters (spatio-
temporal clusters) and lightning trajectories. The thesis has provided specific visualization con-
cepts for lightning data on 2D and 3D map displays as well as for STC and non-cartographic
displays. Visualization concepts distinguish between past, present and predicted lightning clus-
ters and related semantic attributes. Furthermore, graphic variables of cluster and track represen-
tations are suggested (see 4.2).

2) How can we visually analyze the movement of dynamic SEOs, in particular lightning clusters,
using maps and other displays?

The movement behavior of dynamic SEOs is comprehensively described (in Section 3.3.2) and
specific movement analysis tasks are defined along with respective visual analytical approaches
to solve these tasks (see Section 3.3.3). All movement analysis tasks and their specific visual
solutions for SEOs are applicable for moving lightning clusters. For specific tasks analyzing the
movement of lightning clusters, some novel approaches have been suggested. For the compari-
son of similarity of two lightning trajectories a similarity matrix is introduced (see Section 4.4.2). In
order to evaluate the movement complexity within a lightning trajectory, the TCG diagram or TCG
bar chart is suggested, which can be stacked also along z-dimension on top of a trajectory line
projected on the 2D map surface. Several synchronized displays with interactive exploration
functions can support the investigation of lightning cluster dynamics. User can extract movement
information of SEOs directly on map displays. Further knowledge about the dynamics of SEOs
can be gained through interaction with synchronized multidimensional, multivariate, cartographic
and non-cartographic display tools.

3) How can we incorporate temporal information in two-dimensional density contour maps for
dynamic SEPs that are characterized by moving points or events?

We introduced the STDmapping approach (in Section 4.3), which generates a 2D density surface
based on contour intervals for spatially and temporally evolving points. Our method is character-
ized by a rainbow color scheme, which enables the user to visually extract spatio-temporal
changes of point density and distribution. The STDmapping approach has been applied to the
lightning test dataset and resulting density surfaces clearly reflect the dynamics of the lightning
data. On the one hand, the map reader can extract local point density and point distribution in-
formation and the respective time. On the other hand, the map output reflects information about
speed, speed changes, movement direction and direction changes of the dynamic SEP. The
STDmapping method is conceptualized for point events representing a moving SEP. However, it
can also be applied to dynamic swarm data. The thresholds dividing the successive surface
sections can be adjusted depending on the underlying data, application case and the analysis
purpose.

4) How can existing geovisual-analytics approaches for spatial data be refined to address the
visual exploration of dynamic data, in particular dynamic SEOs/SEPs?

Radar plot as well as PCP can be used to visualize geometrical and semantic attributes of a
moving polygon. However, to compare temporal changes of the cluster attribute, time information
should be integrated. We choose to project a long time series of attribute records onto the third-
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dimension (z-axis) thus facilitate the visual comparison without the disadvantage of overplotting.
Furthermore, we suggest an interactive use of our temporal radar plot and temporal PCP in order
to explore events, trends and patterns (see Section 4.4.3 and 4.4.4).

5) Which information can be derived using geovisual analysis and geovisual analytics methods
for dynamic SEOs?

Information about dynamic SEOs that is visualized in 2D map as explained in Section 3.3.1 in-
cludes geometrical and semantic attributes and can be derived from spatio-temporal clusters,
trajectories or specific situations/events of a SEO. Specific movement information of dynamic
SEOs and its supporting visual analytical approaches is addressed in Section 3.3.2 and 3.3.3.
The use of STC for SEOs enables exploration of temporal changes of geometrical and semantic
information. A 3D map display provides additional insight into the spatial extension in height.
Furthermore, non-cartographic displays can make specific trajectory information such as com-
plexity, similarity or uncertainty visible. Moreover, non-cartographic displays are also appropriate
to emphasize geometrical and semantic changes of moving SEOs.

5.2. Limitations of the proposed methods and comparison with
related research

This thesis has made a number of contributions to support visual exploration of SEOs in particular
for the lightning data as an application case. Nevertheless, some limitations remain, which we
want to specify in the following in comparison with existing approaches:

» Generic concept for visual exploration of dynamic SEPs

Spatio-temporal data representation and visual analysis of dynamic data in a 3D space is still a
widely untouched research field. Although, there are various mapping approaches for evolving
polygons (e.g. thunderstorm visualization), no generic concept of visual movement analysis for
SEOs/SEPs exists yet. Spatio-temporal relationships of moving polygons in a 2D space have
been proposed. Concepts for visual investigation of dynamic data exist mostly for dynamic points
(e.g. cars, vessels, people and airplanes). Our proposed concept has a generic nature, but its
implementation is restricted to selected applications. Further adaptations to various scenarios are
necessary.

» Visual exploration of dynamic lightning data

Specific investigations for the visualization or visual exploration of lightning data are very rarely
reported in the literature. Mostly only the source data of lightning points are represented as indi-
vidual points or temporally aggregated on a cell-grid. Based on the existing approaches such as
3D flash-like photo-realistic visualization of lightning points, time slider and the STC dealing with
similar data, this thesis provides a comprehensive platform for the visual exploration of lightning
data and their movement characteristics. However, the usability of the platform needs to be
assessed by means of extensive user test.

» STDmapping approach

Existing density mapping approaches are able to consider either two moments of time or a series
of time intervals within density information visualization in a STC. However, the targeted visual
communication of point density changes necessitates user interactions, especially when a cluster
of interest is bounded by other clusters, it can be hardly explored without interaction. Our
STDmapping approach provides density and temporal information of moving point groups (or
point events representing a dynamic SEP) on a static 2D map. Thus, it overcomes the drawbacks
of existing approaches. Spatial and temporal clustering parameters/thresholds can be adapted in
order to improve the resulting STDmap. The approach creates appropriate segmented density



Final discussion 128

surfaces. In other words, the approach is suitable if a movement and a main movement direction
of the phenomena (polygon) are given and thus a tendency line together with temporal border-
lines can be automatically identified. However, several movement cases may cause difficulties to
identify the segments: (1) if the SEP is simultaneously expanding in several directions the ten-
dency line needs to be split, which is no trivial task in the practice. (2) If the SEP is moving and
returning after a circular track back to a previously passed location/area; or if the SEP is moving
for and backwards. In these cases spatio-temporal polygons would overlap significantly and the
resulting STDmap may become illegible.

» Temporal radar plot and temporal PCP

Existing radar plot and PCP approaches have been discussed in Section 4.4.3 and 4.4.4. Until
now, temporal information could be included into radar plots and PCP only as an additional axis
in the 2D plot. Consequently, visual exploration of temporal attribute changes is not easy, espe-
cially in the large datasets. Besides, the overlapping spikes are difficult to interpret. This thesis
has extended the 2D radar plot as well as the 2D PCP to a 3D approach with the time as z-axis in
order to compare temporal attribute changes in a PCP or radar plot. We implemented the tem-
poral radar plot and temporal PCP to a test dataset. In comparison to the 2D approach, the over-
plotting can be avoided; the approach is suitable for relatively large datasets and the temporal
attribute changes can be visually discovered. Nonetheless, both of our approaches suffer from
the same limitation: Too large datasets may lead to a plot with either a very large z-axis or very
narrow z-distances between successive entries. Data could be generalized as suggested in
Section 4.4.3 and 4.4.4. This can make the big global temporal attribute changes visually recog-
nizable, but local changes would be difficult to discern.

» TCG diagram and bar chart

Our proposed complexity diagram aims to investigate the track complexity based on temporally
changing lightning track attributes (see Section 4.4.1). It can also be adapted to other scenarios
of moving SEOs and line-trajectories based on moving points. The suggested complexity diagram
- displayed (as the third dimension) on top of an 2D map as in Figure 4-40 and Figure 4-41 — is
similar to the trajectory wall approach (Andrienko et al. 2014). In the trajectory wall, values of one
attribute of all (or of a certain amount of selected) individual point objects (moving along a trajec-
tory) are visually stacked for comparison — consequently the trajectory wall contains a constant
height (2).

Our approach visually stacks several attributes of an SEO moving along a trajectory — thus TCG
plot heights differ along/above trajectory positions (spatio-temporal cluster centroids). Moreover,
complexity values are based on pre-processed clusters, thus the TCG plot displays aggregated
attributes for each spatio-temporal interval. We can conclude that only the basic idea of both
approaches is similar, but each of these two trajectory-stacking approaches provides different
information. We provide several solutions to visualize stacked complexity attributes inside the
proposed TCG: (a) via bar chart, (b) through curves or (c) curves by travelled distance, (d) via bar
chart on top of 2D map or (e) stacked curves on top of 2D map. The options (d) and (e) have the
drawback that if the SEO’s movement is highly irregular with longer stops and various self-
intersecting parts, its interactive exploration will become difficult and strong user interaction is
needed. This concern could be alleviated by displaying only segments of interest and disabling
the rest of the complexity diagram gain. Furthermore, we also integrated our TCG approach in the
STC, which provides additional information about temporal changes of the trajectory complexity.
However, its main limitation is that it requires strong user interaction with zooming operation when
stacking various attributes.
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»  Similarity matrix

Existing visual approaches for trajectory similarities — also known as distance functions - have
been discussed in Section 2.6. They focus on geographic similarity of line-trajectories. The spa-
tially close tracks (track parts) are aggregated and/or displayed in the same color. Only very few
methods offer a distance function approach based on primary (space and time) as well as derived
motion parameters of trajectories (speed and direction). Our similarity matrix approach with bar
chart can support a specific movement analysis of dynamic lightning clusters, namely, to compare
the similarity of two trajectories (see Section 4.4.2). It can also be adapted to other lane- or line
trajectory cases. A disadvantage of our similarity matrix approach is that only two trajectories can
be compared and only a simultaneous trajectory part of both tracks can be considered. If the two
trajectories do not start at the same moment of time, a shift/transformation has to be applied to
provide a common start time.
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6. Conclusion and outlook

For the investigation of the movement of spatially extended dynamic objects, the interactive visual
tools, in particular the interactive use of several complementary and synchronized multidimen-
sional and multivariate cartographic as well as non-cartographic displays, are very powerful.
Depending on the complexity and the cartographic design of these tools, potential users could be
decision makers with background knowledge about the investigated real case scenario, analysts
who mostly have advanced skills in using and interpreting visual analytical tools or lay public for
whom such tools serve for demonstration purposes.

The main goal of this dissertation has been to visually investigate the dynamics of SEPs, taking
lightning data as a real case. The main contributions of this thesis include a generic concept for
visual movement analysis of SEPs as well as a number of novel visualization and visual analytical
techniques, which provide an insight into the dynamics of SEPs, in particular, the moving lightning
clusters.

6.1. Terminology refinement of SEOs and pre-processing

A spatially extended and dynamic object or phenomena can be based on a moving point group or
swarm. Another possible source is clustered point events, which are close in space and time and
thus belonging to the same moving SEO. A third division of SEOs are natural polygons such as
landslides, which are not based on captured point data. Depending on the data structure of
SEOs, a corresponding pre-processing is required in order to determine the initial spatio-temporal
polygons. Pre-processing involves temporal and spatial clustering with appropriate clustering
thresholds and aggregation of derived clusters. This thesis provides a conceptual workflow to
process spatio-temporal clusters of a SEO, the track-line as well as track-lane each cluster forms
during its lifetime and relevant movement attributes of all clusters and trajectories describing the
dynamics of the SEP.

6.2. Visual exploration of moving SEOs

Following the generic concept for the visual representation (mapping) and non-visual description
of dynamic SEPs and their movement features, it is possible to choose an appropriate represen-
tation for the past and the predicted spatio-temporal cluster(s), trajectories or trajectory parts,
particular SEQO’s movement events/situation etc. If a suggested visualization involves the third
dimension, user interactions are required in order to support the data exploration. The aspects
describing the movement behavior of SEOs help to understand and to structure the movement
diversity of a dynamic SEP. Depending on the type of data and on the application case, specific
movement analysis tasks are defined and associated visual explorative methods developed to
supporting data analysts and decision makers to perform those tasks.

6.3. Representation and visual analysis of lightning data

This work provides an encompassing conceptual set of visual presentations and visual analysis
methods and tools for dynamic lightning data. Visual concepts are distinguished for (1) lightning
clusters and their ‘momentary’ movement attributes and (2) lightning trajectories (lines and lanes)
and their ‘continuous’ movement attributes. Thus, various mapping options of lightning points,
spatial-temporal lightning clusters or aggregated clusters towards tracks can be applied. Among
others, a workflow for 3D point selection with symbol size adaption based on local point densities
allows a representative and legible representation of the 3D lightning point cloud with minimum
information loss. A broad set of visual investigative methods (e.g. 3D view, STC, time slider tool,
nowcast-tool) as well as an interactive graphic user interface support the investigation of the
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dynamics of lightning cluster and trajectory attributes. Moreover, a concept of determining and
visualizing nowcasted lightning clusters and their prediction uncertainty helps to gain a visual
insight into the near future movement of dynamic lightning data.

Our proposed visualization techniques and interactive analytical tools are developed for analysts
and decision makers dealing with lightning data or other dynamic SEOs. The visualization of
nowcasted lightning clusters in combination with prediction uncertainty buffer, for instance, can
help decision makers at an airport to define safety corridors for flying and landing airplanes.

6.4. Density maps for dynamic lightning data

One of the key issues for the understanding of spatio-temporal phenomena is the representation
of density and distribution information. The STDmapping approach can reveal general pattern
and concise generalization of temporal and density information, and has thus reached the goal of
incorporating temporal information in 2D density maps with layered tints corresponding to differ-
ent temporal segments. The temporal borders are visualized as lines perpendicular to the moving
tendency lines. Tendency lines are either straight or curved. Moreover, abrupt or smooth color
gradients between neighboring temporal segments can be applied. The resulted STDmaps com-
prise spatio-temporal information about density, distribution, movement pattern such as moving
direction and speed of dynamic point clusters. Thus, our approach supports the pattern detec-
tion/extraction of spatio-temporal phenomena without having to activate interactive tools. Fur-
thermore, our approach can be adapted to dynamic phenomena represented by point events as
well as to moving point groups.

6.5. Visual analytical approaches for lightning clusters

Interactive visual analytical tools can provide new knowledge within lightning exploration and,
hence, support decision-making in thunderstorm forecast, flight scheduling or lightning damage
prevention. With this thesis we provide a set of visual analytical approaches to enable interactive
visual exploration of lightning data and in particular their dynamics. It allows users to investigate
lightning point data, derived spatio-temporal lightning clusters and trajectories, their movement
attributes as well as their evolution.

We offer a visual analytical solution for exploring the movement complexity of lightning trajecto-
ries. Our TCG approach can be stacked along the trajectory on top of a 2D base map. It also
provides an insight into unusual movement behaviors along the trajectory. The similarity matrix
assists analysts to compare the similarity of two lightning trajectories. Furthermore, the interactive
use of the temporal radar plot and temporal PCP may facilitate the visual investigation of geomet-
rical and semantic attribute changes in time. Our approaches demonstrated the capability of
interactive visual exploration using a lightning test dataset. Besides, we investigated the feasibility
of existing visual analytical approaches (time plot and time lens) for the lightning data scenario
and their integration in a user-friendly interactive system. We suggested a multivariate interactive
GUI, wherein various proposed visual approaches/displays are integrated and synchronized in
order to gain an insight into lightning dynamics as well as to explore events, patterns and trends.
This thesis provides two kinds of added values: scientific/methodological findings within visual
exploration of dynamic SEPs which are generally valid, and empirical findings which are valid
primary for lightning data, but potentially adaptable to other application cases.

6.6. Outlook

The investigation of dynamic phenomena is an ongoing research field. This thesis is among the
first to make some contributions to the visual exploration of SEOs by providing a generic concept
for visual movement analysis of SEP along with some specific approaches for evolving lightning
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clusters. Further studies may involve three parts: (1) general improvements, (2) improvements of
specific approaches and (3) verifications of proposed approaches through usability studies/tests.

6.6.1. General improvements

As mentioned already in (Peters & Meng 2013), for meteorological investigations, the proposed
approaches could be extended towards two modules: (1) visual thunderstorm analysis and (2)
thunderstorm nowecasting. Thereby, synchronized real-time information from satellite images,
radar and lightning records have to be integrated. Using such data would also be the basis for a
reliable nowcasting of lightning cells. Knowledge discovery can be performed in real-time or
posteriori. A thunderstorm warning system requires (nearly) real-time processing (incremental
updating). Therefore, the visualizations and interactive visual tools representing nowcasted light-
ning and other thunderstorm data need to perform fast and reliably. Visual investigations of rec-
orded lightning tracks can be performed using posteriori-processing. Moreover, it is worthwhile to
develop the dynamic mapping technologies for geo-sensory systems which, for example, demand
the dynamic derivation of density layers, contour lines or discrete classes from the values regular-
ly sent by various sensors.

Claramunt and Jiang’s spatio-temporal relationship model (2000) could be adapted and thus
improved for moving SEP in the way that the model also considers clusters (polygons), cluster
centroids (points), trajectory lines (polylines formed by connected centroids) and trajectory lanes
(polygons) in 2D and in 3D space. The adaptation would allow to describe, for instance, the
spatio-temporal relationship of two trajectory lines, or to define whether the trajectory of one SEO
temporally overlaps and spatially touches the trajectory line of the other SEO. Further relevant
investigations could focus on visual explorative tools for moving lightning clusters, for example,
for the understanding of the relationship between lightning movements and other meteorological
information (e.g. wind, temperature). Another extension would be the incorporation of photo-
realistic visualization of lightning events in the proposed visual representation tools.

Furthermore, the proposed approaches could be adapted for different spatial and temporal
scales. In order to avoid occlusion and overplotting, for smaller scales trajectories as well as their
attributes could be aggregated towards trajectory groups.

6.6.2. Improvements of specific approaches

Regarding the STDmapping approach, the method could be extended towards 3D space, taking
also altitude information into account. Besides point events, possible applications for STDmap-
ping could be also swarm dataset, containing moving swarm objects. As mentioned in (Peters &
Meng 2014b), we also consider investigating the relation between the characteristics of initial
data (spatio-temporal change of point coordinates, density, distribution) and their modeling pa-
rameters (time interval, movement tendency, boundary lines) with the purpose of describing the
dynamic phenomena with minimum information loss or distortion for the subsequent visualization
and use of STDmaps. Not only the STDmapping approach, but also TCG-diagram, temporal PCP
and temporal radar plot could be tested with larger (longer) lightning datasets or data from other
SEP applications.

6.6.3. Verifications of proposed approaches

“A conceptual shift in expected user profile requires an appropriate response in studies that
evaluate user responses to the tools and techniques being developed. Analyzing tool effective-
ness and efficiency through traditional empirical success metrics such as, error rate and task
completion time via repeated trials on large numbers of users is unlikely to be appropriate in the
context of a tool intended to enable a small number of professionals to analyze complex data”



Conclusion and outlook 133

(Andrienko et al. 2008a). Research in the area of interactive visual analysis draws on expertise in
visual analytics, exploratory data analysis, interface design and cognitive ergonomics. The theo-
ries of cognitive ergonomics can support the identification of constraints for visualizations and
their interpretations (Keim et al. 2008). From these constraints and viewers’ roles and characteris-
tics, parameters for the visualization design can be derived. If the visualization is embedded in an
interactive system, it will possess a two-fold added value — empower users and learn from user’s
behavior (Peters & Meng 2013).

As mentioned before, to evaluate our proposed methods, a comprehensive user test is neces-
sary. It is our responsibility to verify the proposed approaches. That will on the one hand refine
and thus improve our approaches, and on the other hand it will define which method is the best
for which movement analysis task regarding its usefulness and effectiveness. Using possibly a
crowd-sourcing environment, lightning experts and interested lay people could be involved in
order to verify the usability of our lightning GUI prototype. A central challenge will be to provide a
user friendly performance for the visual lightning movement analysis functions. The usability test
of STDmap for lightning data requires the participation of users who are domain specialists and
should make decisions based on their understanding of visualized lightning data. Specific user
tasks related to the extraction of certain spatio-temporal density information or dynamic patterns
should be repeatedly conducted and evaluated. Various interactive functions should be made
available to allow these users to manipulate the visualization for the purpose of a more efficient
exploration, for instance, by adapting the color scheme, changing the time interval etc.
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